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Abstrakt:  
Tato diplomová práce je rozdělená na experimentální a bioinformatickou část, 
které jsou spolu provázány přes transkripční faktory z rodiny ‘forkhead box O‘ (FOXO). 
FOXO mají klíčovou roli v mnoha buněčných procesech, jako například v regulaci 
buněčného cyklu, apoptózy a metabolismu. Dlouhou dobu byly považovány pouze za 
nádorové supresory, ale vzrůstající počet studií poukazuje i na jejich pronádorovou roli. 
Z tohoto důvodu jsou intenzivně studovány jako potenciální terapeutické cíle 
v nádorových onemocněních. In silico predikce protein-protein interakcí se v poslední 
dekádě těší vzrůstající oblibě jak v základním výzkumu, tak při vývoji nových léčiv. 
Nicméně výsledky v mnoha případech stále nejsou dostatečně přesné při srovnání 
s očekávanými vlastnostmi predikovaných biomolekul. V této práci jsem pomocí 
termoforézy v malém měřítku ověřil vazbu čtyř in silico predikovaných vazebných 
proteinů, založených na přirozeně se vyskytující PDZ doméně k transkripčnímu faktoru 
FOXO4. 
Neinvazivní nádory močového měchýře představují heterogenní onemocnění, u 
kterého se i přes veškeré snahy stále nedaří přesně predikovat agresivita daného nádoru. 
V bioinformatické části této práce jsem na základě transkriptomických dat z pacientských 
vzorků nádorů močového měchýře popsal složení nádorového mikroprostředí a určil 
prognostickou hodnotu jednotlivých buněčných typů v předpovědi progrese onemocnění. 
Dále jsem popsal vyšší úroveň parazánětu vycházejícího z nádorových buněk, který 
překvapivě asocioval s neprogresivními nádory. U těchto nádorů jsem dále zjistil vyšší 
expresi FOXO1 a naopak nižší expresi FOXO6. 
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This diploma thesis includes an experimental and a bioinformatic part. The two 
parts are linked together through the subject of transcription factors of ‘forkhead box O’ 
(FOXO) family. FOXO transcription factors have a key role in many cellular processes 
including cell cycle regulation, apoptosis and metabolism. For a long time, they have been 
considered strictly as the tumor-suppressors yet a growing number of evidence is pointing 
out to their pro-tumorigenic role. In consequence FOXO transcription factors are studied 
intensively as potential therapeutic targets in cancer. In the past decade, in silico 
prediction of protein-protein interactions has become popular in basic research as well as 
in drug development. Nonetheless, the predicted structures are still far from fitting to the 
expected behavior of the respective biomolecules. In the experimental part of this thesis, 
I verified the interaction of four in silico predicted protein binders based on naturally 
occurring PDZ domain with FOXO4 using microscale thermophoresis.   
Non-invasive bladder tumors represent a heterogeneous disease where reliable 
prediction of tumor aggressiveness is still lacking despite an intensive research. In the 
bioinformatic part of this thesis, I described the cellular composition of the tumor 
microenvironment and demonstrated its prognostic value based on transcriptomic data 
from patient samples of bladder tumors. Surprisingly, I showed higher level of para-
inflammation, which stems from cancer cells, associated with non-progressive tumors. 





alternative binding proteins, bladder cancer, cancer progression prediction, FOXO, 
FOXO4, NMIBC, para-inflammation, PDZ, RNA-Seq, tumor microenvironment, xCell 
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BCa is the 5th most common cancer in Central Europe with a high recurrence rate 
and with approximately one in four patients developing advanced cancer. Due to this fact, 
patients are monitored frequently and often undergo multiple resection surgeries over 
many years. BCa is a very heterogeneous disease and current therapeutic approaches 
do not benefit all patients. Our inability to accurately predict which case of BCa will 
progress to an advanced invasive stage and to stratify patients for particular treatments 
results in one of the highest economic and emotional burdens among cancers. Therefore, 
development of accurate prediction models for patient monitoring and surveillance is 
urgently needed. 
The ‘O’ group of the large forkhead box (FOX) transcription factor family consists 
of four members (FOXO1/3/4/6). The whole FOX family shares a conserved ‘winged 
helix’/’forkhead’ DNA binding domain. FOXO proteins play an important role in the 
regulation of key cellular processes such as the cell cycle, apoptosis and metabolism. 
Their main physiological role is to maintain homeostasis under various stress conditions. 
Therefore, the dysregulation of FOXO function often results in many pathologies such as 
cancer. In the past years, they were considered only as tumor suppressors but nowadays 
a large number of evidence supports their context-dependent role in cancer. The 
suggested explanation for their paradoxical tumor-promoting role is that they may regulate 
homeostasis of both normal and cancer cells. In this thesis, I analyzed their expression 
levels in RNA-Seq data obtained from patient samples after bladder cancer (BCa) surgery 
with respect to progression and differences in the tumor microenvironment (TME). 
A growing body of evidence supports the key role of TME and especially tumor-
infiltrating lymphocytes in tumorigenesis. Several attempts have been made to leverage 
immunological biomarkers as a tool for the prediction of prognosis and for stratifying 
patient treatment. Amongst other prognostic tools, the most promising appeared to be 
‘Immunoscore’ that is based on the numeration of two lymphocyte populations and their 
location within the tumor. Traditional experimental approaches describing tumor-infiltrating 
leukocytes within TME are cytometry and immunohistochemistry, however, they are 
limited with the amount of available markers. In this thesis, I used the emerging in silico 
method called xCell for dissecting TME from transcriptomic data. To create prediction 
models for disease progression and to characterize cell type prognostic value I employed 
the Random Forest (RF), Support Vector Machine (SVM) and Neural Network (NN) 
machine learning algorithms. Additionally, I identified low-grade inflammation, termed as 
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para-inflammation (PI), in tumors based on a 40-gene signature. Cancer cells 
themselves are the origin of PI and it is associated with adverse outcomes in most cancer 
types but not in BCa. 
Specific protein-protein interactions (PPI) are the major structural and regulatory 
mechanisms for the functioning of all living organisms. Their study at the molecular level 
is crucial for the elucidation of cellular and immune functions, knowledge of which is 
necessary for the development of new therapeutic methods. The investigation of these 
interactions is experimentally difficult and often impossible because of the extreme 
complexity of interactions in the eukaryotic system, especially in mammalian cells. One of 
the extreme reductionist approaches for studying PPI is structural in silico modelling.  
 During the last decade, in silico prediction of PPI became a widely used method 
in primary research as well as in drug design. However, the predicted structures are still 
far from fitting to their in vivo behavior of the respective biomolecules. Experimental data 
are essential for the improvement of the prediction algorithms.  
In our project we chose the mouse PDZ domain (PDB ID: 3VQF) as a suitable 
structure for rational design (Figure 8). We identified the key interface residues in the 
complex of the PDZ domain and a biologically relevant target – transcription factor FOXO4 
(PDB ID: 1E17) and we selected ten mutations in the PDZ domain resulting in expected 
higher interaction affinity between the two molecules. To determine the protein stability of 
the predicted PDZ mutant variants and their binding affinity to FOXO4 I used nano 
differential scanning fluorimetry (nanoDSF) and microscale thermophoresis (MST) 
respectively.  
In this thesis, I proved that the PDZ domain structure is suitable for rational design 
and verified our choice of these mutant variants, however, for the reasons that I explained 
in the section ‘The aims of the project’ I could not have finished the planned project. 
Therefore, this thesis additionally contains a bioinformatic part that is interconnected with 
the experimental part via the FOXO transcription factors. In the bioinformatic part, I 
illuminated the prognostic landscape of the cellular composition of TME and PI in BCa 
using bioinformatic tools. My findings will help in further experimental investigation and 
will become a foundation for single cell analysis of patient samples by flow cytometry in 
my home laboratory.  
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1.1 Bladder cancer 
BCa is the 5th most common cancer in Central and Western Europe and the 9th 
most common cancer worldwide. In 2015, there were ~541 000 newly diagnosed patients 
with bladder cancer and ~188 000 deaths. BCa is more prevalent in men (1 in 59 men vs 
1 in 239 women being diagnosed before age 79 years) and in countries with a high socio-
demographic index (Fitzmaurice et al., 2017). 
Most BCa are urothelial carcinomas, which start in the urothelial cells that line the 
inside of the bladder. On the basis of their morphology they can be divided into papillary, 
solid and mixed types. The most common type is the papillary type, particularly in non-
muscle invasive BCa (NMIBC). NMIBC are in ~50 % cases low-grade, while most muscle-
invasive BCa (MIBC) are high grade. Histologic grade is the most important prognostic 
factor in NMIBC. It is based on pathologist assessment how cancer cells look under the 
microscope. If they look like normal cells then the tumor is denoted as low-grade meaning 
well-differentiated tumor and vice versa. In BCa diagnostic, two different grading systems 
are used by pathologists. The first, introduced in 1973 by WHO (1973 WHO) is a numerical 
grading system based on cellular anaplasia (Mostofi et al., 1973). The second, 2004 WHO 
is a categorical grading system based on architectural and cytological atypia (Figure 1) 
(Eble et al., 2004). The extent of tumor invasion is described by Tumor-Node-Metastasis 
system, which is the most important prognostic factor in MIBC (Figure 1). The majority of 
BCa at time of diagnosis (~60 %) are Ta stage non-muscle invasive tumors, usually of low 
Figure 1 | Staging and grading of bladder cancer. A | BCa stages according to the Tumor-Node-
Metastasis system. NMIBC are up to stage T1, MIBC are T2 stage and higher. B | BCa 1973 WHO and 




grade. Approximately 20 % of tumors at diagnosis are T1 stage that already penetrated 
the epithelial basement membrane but have not invaded muscle tissue. T1 stage tumors 
are generally of high grade. The rest of the tumors at diagnosis (~20 %) are MIBC that 
frequently metastasize with a five-year survival rate < 50 %. Ta and T1 NMIBC have a 
high rate of recurrence (50-70 %), a relatively low rate of progression to MIBC (10-15 %) 
and ~90 % five-year survival  rate (Knowles and Hurst, 2015). 
The heterogeneity of NMIBC results in widely different outcomes. Patients with 
NMIBC are monitored with cystoscopies and due to a high rate of recurrence they often 
have to undergo multiple resection surgeries over many years. Consequently the 
economic and emotional burden of BCa is higher compared to other cancer types (Hong 
and Loughlin, 2008). Even though risk tables with prognostic tools are available (Kluth et 
al., 2015) their prediction accuracy is rather low and therefore accurate multimarker 
models for stratifying patient treatment and application of therapeutic drugs are urgently 
needed. 
1.1.1 Molecular classes of bladder cancer 
It was shown that BCa can be grouped into papillary or non-papillary on the basis 
of different genetic alterations. These are activating mutations in FGFR3 in papillary 
tumors and inactivating mutations in tumor suppressor genes TP53 and RB1 in non-
papillary tumors. Both subtypes show a high frequency of mutations in genes encoding 
chromatin-modifying enzymes, with characteristic differences between them (Eich et al., 
2017).   
 Choi et al. (2014) defined three distinct molecular genomic subtypes of MIBC. The 
first termed basal-like are characterized by p63 activation, positive CK5/6, EGFR and 
CD44 expression, and lack of CK20. In addition, this subtype is more aggressive than 
others. Next, luminal subtypes possess an active estrogen receptor pathway, ERB2 and 
PPAR expression profiles, and are typically enriched in activating FGFR3 mutations. 
Third, p53-like subtypes are characterized by the wild-type TP53 gene expression 
signature. These three subtypes differ in their responsiveness to systemic chemotherapy. 
Basal-like appeared to be sensitive to neoadjuvant chemotherapy, whereas p53-like was 
associated with resistance to neoadjuvant MVAC therapy. Interestingly, all chemoresistant 
tumors displayed a p53-like phenotype after therapy. 
 Recently, Hedegaard et al. (2016) demonstrated that NMIBC can be subgrouped 
into three distinct molecular classes with different clinical outcomes (Figure 2). These 
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classes possess basal- and luminal-like characteristics similar to those of MIBC (Choi et 
al., 2014). Class 1 contained mainly Ta tumors of low grade with luminal-like 
characteristics. Tumors within class 2 were luminal-like too but this class represented a 
high-risk subclass with the most progression events among molecular classes. Tumors 
within class 1 were characteristic for high expression of early cell-cycle genes. On the 
contrary, tumors within the class 2 were characteristic for high expression of late cell-cycle 
genes. Furthermore, increased activity of epithelial-mesenchymal transition and stem-like 
features were associated with the class 2. Tumors within class 3 demonstrated a basal-
like gene expression pattern that has not been previously described in NMIBC. They 
clearly differed from tumors within class 1 and 2 with low cell-cycle and metabolic activity. 
The authors suggested that the class 3 represents tumors in a dormant state (Hedegaard 
et al., 2016).  
 
Several analyses of MIBC revealed distinct genomic subtypes and clusters 
(reviewed in (Eich et al., 2017)). However, these molecular subtypes only partly overlap. 
Thus, a meeting at the Spanish National Cancer Research Center was organized in 2016 
to seek a consensus on a BCa molecular taxonomy. A strong consensus was reached 
regarding the existence and terminology of tumors coined as basal-squamous-like tumors. 
These are typical by high expression of KRT5/6 and KRT14, and low to undetectable 
expression of FOXA1 and GATA3. They also agreed on the existence of a second 




Figure 2 | NMIBC molecular classes. A | Possible 
pathways of bladder tumor progression. Hypothetically 
class 1 and class 3 tumors are included in the Ta 
pathway, Class 3 then progresses to MIBC via a class 
shift toward the CIS pathway (class 2). B | Table of 
selected molecular features for each class. C | Kaplan-
Meier plot of progression free survival as a function of 
molecular class for patients with NMIBC. Adapted from 
(Hedegaard et al., 2016).  
16 
 
KRT20 expression. Nevertheless, more work has to be done for more reliable evidence of 
the remaining molecular subtypes (Eich et al., 2017). 
1.2 Introduction to FOXO transcription factors 
The FOX protein family of transcription factors shares an evolutionarily conserved 
DNA binding ‘winged helix’/’forkhead’ domain consisting of approximately 100 amino acids 
(Figure 3). To date, more than 40 FOX proteins have been discovered in the human 
genome (( http://www.genenames.org/cgi-bin/genefamilies/ set/508 (accessed 7.22.17)), 
for the FOX gene nomenclature see (Kaestner et al., 2000)). They are grouped in 19 
subclasses in alphabetical order from A to S class. In this thesis, I focused only on the ‘O’ 
subclass (the human orthologs of Drosophila dFOXO) that contains four members 
(FOXO1, FOXO3, FOXO4 and FOXO6) that primarily differ in their tissue-specific 
expression. The best-studied member of this family is FOXO1 and the least one is FOXO6. 
FOXO proteins also differ in their size. FOXO1 (655 aa) and FOXO3 (673 aa) are bigger 
than FOXO4 (505 aa) and FOXO6 (492 aa).  
1.2.1 FOXO4 structure   
In the experimental part of this thesis I primarily focused on FOXO4. Its DNA-
binding domain (DBD) was chosen for targeting by PDZ domain and its mutant variants 
that were predicted in silico. FOXO4-DBD consists of approximately 110 amino acids and 
is composed of three alpha-helices (H1, H2 and H3), three beta-sheets (S1, S2 and S3) 
and two wing-like loops (W1 and W2). Their topological arrangement in DBD is H1-S1-
H2-H3-S2-W1-S3-W2. Specific DNA contacts are mediated mainly by H3 helix, which is 
anchored in the large DNA groove. The N-terminus and W1 wing are in contact with 
Figure 3 | Structural alignment of FOXO-DNA-binding domain (DBD) | Structural alignment of FOXO1-
DBD (green), FOXO3-DBD (red) and FOXO4-DBD (blue) in complex with dsDNA. Alignment and visualization 
were created in PyMOL software based on PDB ID 3CO6 (FOXO1), 2UZK (FOXO3) and 3L2C (FOXO4). 
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phosphate groups of DNA. The loop between H2 and H3 helices is also involved in the 
binding between FOXO4-DBD and DNA but not in other FOXO proteins (Figure 4). 
Additionally, based on the structure of the complex of DBD-FOXO4 and its dsDNA 
consensus sequence (13 bp), it was suggested that uniquely arranged water molecules 
around DBD-FOXO4-dsDNA complex contribute to the binding specificity (Boura et al., 
2010).   
1.2.2 FOXO regulation 
FOXO activity is regulated at multiple levels mainly by transcriptional regulations, 
post-transcriptional modifications and post-translational modifications (PTMs). The 
examples of transcription factors which directly regulate the expression of FOXO genes 
are p53, E2F-1 and FOXO themselves (reviewed in (Urbánek and Klotz, 2016;  Klotz et 
al., 2015)). PTMs such as phosphorylation, acetylation and ubiquitination affect FOXO 
subcellular localization, DNA binding, FOXO stability and interaction with transcriptional 
coregulators. FOXO are substrates for many kinases (recent list of kinases can be found 
in (Klotz et al., 2015)) . 
 For example, the serine-threonine protein kinase B (AKT) is the key regulator of 
FOXO activity (Figure 5) (Brunet et al., 1999). All FOXO contain three AKT 
phosphorylation sites except for FOXO6 that contains only two (Jacobs et al., 2003). 
A B 
Figure 4 | FOXO4. A | (a) Sequential alignment of DBD of FOXO 4/3/1 and FoxA3. Arrangement of the 
secondary structure showed above. Blue-labeled amino acids mediate protein-DNA interaction. Gray 
labelled missing in the corresponding structural complex. (b) Structure of the FOXO4-DNA complex with 
labelled elements of the secondary structure. (c) The rotated structure of fig (b) 90° towards the reader 
around the x-axis. B | Schematic representation of the contacts between DNA and FOXO4-DBD. Polar 
interactions are highlighted in red and gray. Water molecules (W) in black circles participate in specific 
interactions between bases and FOXO4-DBD. Adapted from (Boura et al., 2010). 
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Activation of the PI3K/AKT pathway by insulin or insulin-like growth factor 1 results in the 
interaction of FOXO proteins with 14-3-3 proteins and subsequent cytoplasmic 
sequestration of FOXO-14-3-3 complexes (reviewed in (Tzivion et al., 2011)). This applies 
for FOXO1/3/4 but not for FOXO6 which is mainly nuclear and its activity is not controlled 
by subcellular localization (Jacobs et al., 2003).   
Other AGC family kinases 
(Pearce et al., 2010) can phosphorylate 
AKT phosphorylation sites too. For 
instance, it was shown that 
serum/glucocorticoid inducible kinase 
(SGK; another important downstream 
component of PI3K signaling pathway) 
phosphorylates FOXO3 at the AKT 
phosphorylation sites (Brunet et al., 
2001). Phosphorylation by both AKT and 
SGK inhibits FOXO function. However, it 
was demonstrated that phosphorylation 
can also lead to activation of FOXO 
proteins. For example, Jun N-terminal kinase (JNK) and protein kinase R-like ER kinase 
(PERK) phosphorylate FOXO4 (Essers et al., 2004) and FOXO1 (Zhang et al., 2013) 
respectively and promote their function by stimulating their nuclear accumulation. Similarly 
to phosphorylation, acetylation and ubiquitination of FOXO proteins can both promote or 
inhibit FOXO transcriptional activity too (reviewed in (Klotz et al., 2015; Daitoku et al., 
2011)). A complex nature of PTMs prompted Calnan and Brunet (2008) to suggest the 
theory of the ‘FOXO code’ where enzymes would be writers of the PTMs and FOXO 
binding proteins the readers. The ‘FOXO code’ would then represent the overall 
combinations of PTMs that would determine the type of elicited cellular responses. 
However, at that time little was known about post-transcriptional regulations and now an 
accumulating body of evidence shows their important role in regulation of FOXO proteins 
(reviewed in (Urbánek and Klotz, 2016)). Post-transcriptional regulations are more 
complex and context dependent than regulations by PTMs. It makes this topic even harder 
to solve but at the same time it opens new doors towards possible therapeutic 
interventions. 
Figure 5 | AKT-mediated FOXO regulation. AKT 
phosphorylation of FOXO proteins generates recognition 
motifs for the 14-3-3 family of phosphor-binding proteins, 
which consequently leads to sequestration of 
phosphorylated FOXO in the cytosol.  It results in the 
attenuation of the expression of its target genes, a partial 




1.2.3 FOXO pathways 
FOXO proteins recognize and bind to the 5‘-GTAAA(T/C)AA-3‘ (or 5’-
TT(A/G)TTTAC-3’) consensus sequence and with lower affinity to the 5‘-
(C/A)(A/C)AAA(C/T)AA-3‘ consensus sequence known as DAF-16 family-binding element 
(Furuyama et al., 2000) and insulin-responsive element (Guo et al., 1999) respectively 
(reviewed in (Obsil and Obsilova, 2011)). They are involved in the regulation of cellular 
processes such as the cell cycle, apoptosis, metabolism and oxidative stress resistance 
(reviewed in (Eijkelenboom and Burgering, 2013)). Their biological role is mainly to 
maintain homeostasis and respond to stress conditions. A demonstrated role of FOXO 
proteins in stem cell maintenance highlighted their homeostatic function over time 
(Tothova et al., 2007). 
In addition, FOXO transcription factors possess several cell type-specific 
downstream effects in the immune system (reviewed in (Dejean et al., 2011)). For 
example, FOXO play important roles throughout T cell biology (reviewed in (Hedrick et al., 
2012)) and in innate immune homeostasis (Becker et al., 2010). FOXO proteins are also 
important key regulators of inflammation, for instance, Foxo1 was described to increase 
the expression of proinflammatory Tlr4 signaling pathway genes in mature macrophages 
Figure 6 | A signalling scheme of FOXO transcription factors regulation. FOXO interact with multiple 
cellular signalling networks. Examples of such interactions include: PI3K and AKT, JNK, IKK, mTOR and 
ERK. Adapted from (Hedrick et al., 2012). 
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(Fan et al., 2010) . Recently Foxo1-mediated autophagy was shown to be vital for NK cell 
development (Wang et al., 2016) and the role of Foxo1 in regulating alveolar macrophages 
polarization toward type 2 immune response in asthma was demonstrated (Chung et al., 
2016).  
FOXP3 transcription factor belonging to the FOX protein family is known to be a 
master regulator in the development of regulatory T cells (Treg) for a decade (Hori et al., 
2003). It was also proven that another member of FOX protein family Foxo1 has an 
important role in controlling Treg development and function. Its deletion in a murine model 
led to lymphoproliferative diseases. Additionally, the absence of Foxo3 worsens the effect 
of the deletion of Foxo1 (Kerdiles et al., 2010). In a recent study Luo et al. (2016) 
emphasized the importance of Foxo1 in Treg. They showed that Foxo1 plays a crucial role 
in inhibiting the activated phenotype of Treg and importantly they demonstrated that tumor 
infiltrating Treg are more sensitive to Foxo1-triggered depletion than Treg from normal 
tissue. In addition to Foxo1 and Foxo3, Fu et al. (2017) recently described an important 
role of Foxo4 in regulation of Treg anti-inflammatory function in arthritis.  They showed 
that Foxo4 and Stat3 promote IL-10 expression in response to the anti-inflammatory 
growth factor progranulin. 
A growing body of evidence demonstrates the important roles of FOXO 
transcription factors (especially FOXO1) in the regulation of the immune system. I assume 
that a deeper knowledge of their function in a context-dependent manner will help to unveil 
the relationship between inflammation, metabolism and oxidative stress and how these 
conditions influence an immune response. 
1.2.4 FOXO in cancer 
FOXO transcription factors integrate diverse signaling pathways in response to 
environmental stimuli and translate them into gene expression programs that influence a 
variety of physiological functions. Therefore it is not surprising that their dysregulation can 
lead to many pathological processes such as cancer and insulin resistance-related 
metabolic disorders. The latter mentioned was associated with a higher risk of different 
types of cancer and there is emerging evidence that dysregulation of FOXO proteins could 
provide a link between these two pathologies (reviewed in (Link and Fernandez-Marcos, 
2017)). 
The role of FOXO proteins in cancer and their potential therapeutic targeting have 
been intensively studied for the last decade (Brachène and Demoulin, 2016; Lam et al., 
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2013;  Myatt and Lam, 2007). They possess anticancer activity by activating genes 
involved in apoptosis and cell cycle arrest and for a long time they were considered only 
as tumor suppressors. For example, inactivation or downregulation of FOXO4 protein was 
linked to progression of gastric cancer (L. Su et al., 2014), prostate cancer (B. Su et al., 
2014), colon cancer (Kwon et al., 2010), cholangiocarcinoma (Lee et al., 2009) and breast 
cancer (S. H. Kim et al., 2009). However, a growing amount of literature showed that the 
role of FOXO proteins in cancer development and therapy is context dependent and they 
may act as a double-edged sword. The plausible explanation of this paradoxical outcome 
is their role in regulation of homeostasis of both normal and cancer cells. Increased FOXO 
activity was observed in approximately 40 % of patients with acute myeloid leukemia 
regardless of the genetic subtype. Inactivation of Foxo1/3/4 in a murine model of MLL-
AF9-induced myeloid leukemia led to lower disease burden, disrupted function of 
leukemia-initiating cells and improved animal survival (Sykes et al., 2011). Huo et al. 
(2014) demonstrated that FOXO1/3/4 promote hepatoma cell proliferation through 
transcriptional activation of Insulin-like growth factor 1 receptor (IGF1R). It was also shown 
that FOXO 1/3/4 promote survival of hematopoietic stem cells with DNA damage caused 
by chemotherapeutic agents such as cisplatin (Lei and Quelle, 2009). Recently Pan et al. 
(2017) described how PI3K or AKT inhibitors or taxanes (a class of widely used anticancer 
agents) induced FOXO1 nuclear localization that led to chemotherapy resistance in 
cancer cells. Additionally, a recent study showed that FOXO can support tumor survival 
in a more intricate way. A key metabolic enzyme isocitrate deyhodrogenase 1 (IDH1) is 
often mutated in cancer cells and when mutated it produces D-2-hydroxuglutarate, a 
putative oncometabolite that stimulates cancer progression. FOXO1, FOXO3 and with 
lower effect FOXO4 were demonstrated to redundantly promote expression of IDH1 and 
thereby maintain the level of D-2-hydroxuglutarate in tumors (Charitou et al., 2015). 
In recent years, FOXO proteins have emerged as potential targets for inhibition in 
certain types of cancer, particularly in chemotherapy-resistant tumors. Their further 
exploration and consequent elucidation of the role they play in tumorigenesis will be of 
medical importance. 
1.2.5 FOXO in bladder cancer 
The altered expression of several members of the FOX protein family has been 
associated with clinical outcomes and with distinct molecular classes of BCa. For a recent 
review see (Yamashita et al., 2017). Here I focused only on members of the FOXO group 
and their implication in bladder cancer.  
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Shiota et al. (2010) associated low expression of FOXO3 with increased BCa 
invasiveness and poor overall survival. They investigated these associations and found 
out that FOXO3 promoted the expression of E-cadherin (‘cell adhesion molecule’) and 
negatively regulated two genes involved in cancer cell invasiveness (TWIST1 and Y-box-
binding protein). Additionally, they demonstrated that FOXO knockdown led to increased 
mobility of BCa cell lines. On the basis of the study results the authors suggested that 
FOXO3 could be a negative regulator of epithelial-mesenchymal transition in BCa (Shiota 
et al., 2010). Interestingly, increased activity of epithelial-mesenchymal transition, which 
is characterized by high expression of FOXF1 (besides other genes) was observed in 
molecular subclass 2 (Figure 2).  
Lloreta et al. (2017) analyzed the relationship between FOXO1 expression and the 
clinical outcome of BCa and the link between the alterations of p53 and FOXO1 
expression. Their findings correspond to the previous study which associated FOXO1 
expression with grade, stage, recurrence, progression and survival for the first time (T.-H. 
Kim et al., 2009). Additionally, they showed a strong association between combination of 
FOXO1 downregulation/p53 overexpression and high grade/stage and demonstrated that 
only the more aggressive tumors carried both changes (Lloreta et al., 2017). 
1.3 Tumor microenvironment 
Besides cancer cells, tumors are composed of diverse cell types that can 
additionally differ in activation states. This widely heterogeneous cellular composition of 
tumors, coined as the tumor microenvironment (TME), has been intensively studied in 
recent years by various techniques. Major attention of researchers was attracted by the 
tumor-infiltrating lymphocytes which are thought to play the most important role in cancer 
immunity. However, they are only a part of an incredibly complex and dynamic tumor 
milieu which consists of multiple immune, stromal and other cell types that interact with 
each other and most importantly with cancer cells. TME is nowadays recognized as a key 
player in tumor initiation, progression and metastasis as well as in tumor growth inhibition 
and is in the spotlight of current cancer research (Aran et al., 2017; Gentles et al., 2015;  
Hanahan and Coussens, 2012).  
For example, tumor infiltrating CD8+ T cells and CD45RO+ memory T cells possess 
antitumor functions and have been associated with a positive prognostic value in many 
cancer types. This knowledge is now being translated into clinical practice as 
‘Immunoscore’ (Fridman et al., 2012; Galon et al., 2006). However, when considering 
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other immune cells, such as regulatory T cells or CD4+ T cells, their prognostic effects 
often differ between cancer types (Gentles et al., 2015; Fridman et al., 2012). In a recent 
study Gentles et al. (2015) exploited publicly available bulk tumor gene expression data 
to analyze the relationship between survival and differences in the amounts of 22 distinct 
tumor-infiltrating leukocytes. T cells and in general an increased level of T cells were 
found to associate with increased survival rates while myeloid cells and 
polymorphonuclear (PMN) cells were associated with lower survival rates in solid non-
brain tumors. Their results also showed that prognostic values of analyzed cell types are 
context dependent which corresponds to the previous findings. 
In this thesis, I implemented the tools for digital dissection of the TME using bulk 
tumor gene expression data. In general there are two types of these techniques – one is 
based on gene set enrichment associated with the individual cell types (e.g. xCell (Aran 
et al., 2017)) and another is based on algorithmic deconvolution method (e.g. 
CIBERSORT (Newman et al., 2015)). These analytical algorithms are primarily being 
developed to overcome limitations of traditional approaches for analysis of cellular 
heterogeneity (e.g. flow cytometry and immunohistochemistry) such as the limited number 
of available markers and the need for dissociation of solid tissues which can distort cell 
representation. Secondarily they are aimed to leverage a huge amount of both RNA-Seq 
and microarray expression data that are publicly available. 
1.4 Para-inflammation in cancer 
Inflammation is now recognized as a dominant feature and a well-established 
hallmark of cancer (Hanahan and Weinberg, 2011). The term PI (para- the Greek prefix 
for near) was coined by R. Medzhitov (2008). He described it as an adaptive response to 
persistent tissue stress that has characteristics that are intermediate between tissue 
homeostasis and an inflammatory state. Its physiological function is to restore 
homeostasis and can be induced by DNA damage or mutations. If tissue stress lasts for 
a sustained period, PI can become chronic with adverse effects. Aran et al. (2016) created 
a 40-gene signature (see gene signature in Supplementary information) for analyzing PI 
from bulk RNA-Seq expression data. They demonstrated that the source of PI are cancer 
cells and not the immune cells within TME. This distinguishes PI from other cancer-
promoting inflammatory responses. PI score significantly differed between cancer types 
but even within some cancer types. Pan-cancer analysis of 18 cancer types from The 
Cancer Genome Atlas showed a negative correlation between PI score and survival rate 
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with the rare exception of chromophobe renal cell carcinoma, prostate cancer and bladder 
cancer – all tumors of urinary tract (Aran et al., 2016). 
1.5 PDZ domain 
The PDZ structure typically contains an antiparallel beta-barrel composed of 5-6 
beta-sheets and 1-2 alpha-helices. In most cases, PDZ domains recognize a PDZ-binding 
motif located on elongated C-ends of proteins. Less often, they can also recognize internal 
binding motifs, lipids or other PDZ domains (Luck et al., 2012). Approximately 18 years 
ago, Schneider et al. (1999) made various variants of the PDZ domains by mutagenesis 
and subsequent in vivo selection, which specifically targeted new peptides. A recently 
published study described the creation of a bivalent so-called PDZbody targeting human 
papillomavirus E6 oncoprotein (with nanomolar affinity), which naturally interacts with 
PDZ-containing proteins. PDZ domain affinity towards E6 oncoprotein was increased by 
phage display and adding an alpha-helix from another PDZ domain. Then the PDZbody 
was formed by joining these PDZ domains (Karlsson et al., 2015). 
The PDZ domain displays the properties of a newly occurring class of high affinity 
protein binders, which are often referred to in literature as alternative binding proteins 
(Figure 7). These are developed on the basis of small (typically from 5 to 20 kDa) rigid 
protein structures with high thermal and hydrodynamic stability, on which a new binding 
site is created. This is the opposite of today’s commonly used antibodies based on 
immunoglobulin fold. They are referred to as alternative because their major goal is to 
overcome limitations of the antibodies and become their full-fledged alternative in basic 
research as well as in industry and clinical use. The drawbacks of antibodies stem mainly 
from their structure and biophysical properties. Their size around 155 kDa limits tissue 
penetration and prevents targeting of hidden epitopes. Although significant progress has 
been made in the field of rational design in recent years (Dunbar et al., 2016; Lapidoth et 
al., 2015), the prediction of new antibody binding sites remains an intricate and unresolved 
issue, primarily because of the complicated and flexible structure of antibody CDR binding 
loops. Furthermore, limited and expensive production in eukaryotic expression systems, 
time and money consuming mutagenic and selection systems, high immunogenicity and 
limitations of the intellectual property are the disadvantages that can be overcome by the 
development of the alternative binding proteins (Owens, 2017; Skrlec et al., 2015; Banta 
et al., 2013). 
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The selected PDZ domain (PDB ID: 3VQF) naturally found in E1 mouse ubiquitin-
protein ligase Lex1 is a 84 amino acid long protein (ca 10 kDa) and its structure contains 
two alpha-helices and five beta-sheets (Figure 8). The predicted binding site for DBD-
FOXO4 predominantly consists of two rigid beta-sheets and flexible loop (Figure 10). Ten 
mutations were designed within this area to increase the PDZ binding affinity for DBD-
FOXO4 (Figure 9). In general, these are mutations optimizing electrostatic binding but 
there are also two mutations to hydrophobic amino acids. To the best of my knowledge, 
this presented binding site on the PDZ domain has not yet been described in literature. 
Figure 8 | Structure of wtPDZ domain. A | Structure of the wtPDZ domain with highlighted amino acids in 
the predicted binding site to FOXO4-DBD which were selected for mutagenesis (C – gray, N – blue, O – red). 
B | The rotated PDZ structure fig (A) by 90 ° around the x-axis toward the reader. Visualization was created 
in PyMOL software based on PDB ID 3VQF. 
Figure 7 | Size comparison of IgG and alternative binding protein structures. A | IgG ~ 155 kDa; B | 
Repebody ~ 29 kDa; C | Fynomer ~ 7 kDa; D | Adnectin ~ 10 kDa; E | Anticalin ~ 20 kDa; F | Affibody ~ 6 kDa; 
G | DARPins ~ 17 kDa. Visualization was created in PyMOL software based on PDB ID 1HZH, 4J4L, 1M27, 
4JE4, 4GH7, 3MZW and 4HRL respectively. 





A         B 
Figure 9 | Mutant structure of the PDZ domain with all ten predicted mutations. A | Structure of the 10xM 
PDZ domain with highlighted amino acids in the predicted binding site to FOXO4-DBD which were selected 
for mutagenesis (C – gray, N – blue, O – red). B | The rotated PDZ structure fig (A) by 90 ° around the x-axis 
toward the reader. Visualization was created in PyMOL software based on PDB ID 3VQF. 
Figure 10 | PDZ-FOXO4-DBD. One of the in silico predicted docking wtPDZ domain (green) with FOXO4-




2   Aims of the project 
 The main aim of this thesis was to experimentally verify in silico predicted protein 
binders to the FOXO4 transcription factor which plays a double-edged sword role in 
cancer, and to analyze the PDZ/FOXO4 binding interface in order to help improve the 
algorithm for in silico PPI prediction. 
 To address this long-term goal, the project plan included the following subtasks: 
1. Site directed mutagenesis of the predicted PDZ mutant variants and cloning 
PDZ mutant variants into EGFP-expression vector. 
2. Cloning DBD-FOXO4 into expression vector. 
3. Protein expression and purification 
4. Measurement of protein stability and PDZ/FOXO4 binding affinity 
5. PDZ/FOXO4 binding interface analysis by HDX-MS and NMR 
 
 Due to an unsuccessful GAUK grant application in the first year and the lack of 
institutional funding for my master thesis I was not able to finish the promising evaluation 
of the binding affinity for all predicted PDZ mutant variants and follow up with the structural 
analysis. However, I took this failure as an opportunity and applied for an Erasmus+ 
internship at the Bioinformatics Research Centre in Aarhus, Denmark (supervisor: Palle 
Villesen). The main task of my internship project was to analyze the expression levels of 
FOXO family members in primary BCa tumors and tumor infiltrating leukocytes from bulk 
tumor RNA-Seq expression data with respect to disease progression. Additional tasks 
were to explore the relationship between cell types and FOXO expression levels in 
individual BCa patients and between metabolism pathways and FOXO expression levels. 
The expected output was a dataset of immune and FOXO signatures correlating with BCa 
disease status and progression prediction 
 In addition, I decided to apply for the GAUK grant for the second time which 
included preliminary results presented in this thesis. This application was successful and 




3 Material and Methods 
3.1 Buffers and Solutions 
 
Buffer name Reagents Concentration     
BufferA_IEC Tris-HCl (Jersey Lab Supply, USA) 50 mM pH=7,4   
  NaCl (Lachema, CR) 20 mM     
BufferB_IEC Tris-HCl 50 mM pH=7,4   
  NaCl 1 M     
Lysis_buffer Tris-HCl 50 mM pH=7,4                                                                    
  Sucrose (Lachema) 25% (w/v)     
  NaN3 (Sigma-Aldrich, USA) 1 mM     
  PMSF* (Sigma-Aldrich) 1 mM     
  Leupeptin* (Sigma-Aldrich) 1 uM     
MST_buffer Tris-HCl 50 mM pH=7,4   
  NaCl 150 mM     
  Tween-20 (Sigma-Aldrich) 0.05% (v/v)     
BufferA_IMAC Sodium phosphate 20 mM pH=7,4   
  NaCl 500 mM     
  Imidazole 15 mM     
BufferB_IMAC Sodium phosphate (Sigma-Aldrich) 20 mM pH=7,4   
  NaCl 500 mM     
  Imidazole (Sigma-Aldrich) 400 mM     
BufferB0_IMAC Sodium phosphate 20 mM pH=7,4   
  NaCl 500 mM     
Buffer_GF Tris-HCl 50 mM pH=7,4   
  NaCl 150 mM     
*added just before use 
LB medium: 1% (w/v) Tryptone (Oxoid, USA), 0.5% (w/v) Yeast extract (Oxoid), 1% (w/v) 
NaCl, pH 7.4 
LB agar: 1.5% (w/v) Agar (Oxoid) in LB medium 
Destaining_solution (SDS-PAGE): 35% (v/v) Ethanol (Lachema), 10% (v/v) Acetic acid 
(Lachema)  
Staining_solution (SDS–PAGE):  45% (v/v) Methanol (Lachema), 10% (v/v) Acetic acid,  
0.25% (w/v) Coomassie Brilliant Blue R-250 (Serva, Germany) 
Electrode_buffer (SDS–PAGE):  10mM Tris-HCl, 250mM Glycine (Sigma Aldrich), 
0.1% (w/v) SDS (Jersey Lab Supply, USA), pH 8.3 
2x_reducing_SDS_sample_buffer: 100mM Tris-HCl, 20% (v/v) Glycerol (Lachema), 4% 




3.2 Molecular cloning 
3.2.1 Cloning EGFP into pHis2 plasmid 
 The EGFP DNA sequence was amplified by polymerase chain reaction (PCR) from 
a vector containing the EGFP sequence using primers for amplifying EGFP with the 
following reaction setup: 
 Q5 high-fidelity 2X master mix (NEB) - 10 µl 
Template DNA [5 ng/ µl] – 1 µl  
10 µM Forward primer – 1 µl 
10 µM Reverse primer – 1 µl 
H2O to the final volume of 20 µl – 7 µl  
Program: 98 °C - 1 min – initial denaturation (98 °C – 8 s, 66 °C – 20 s, 72 °C – 20 s) – 
30x, 72 °C – 2 min. The PCR product was checked on an agarose gel and then purified 
with QIAquick PCR Purification Kit (Qiagen, Germany) according to the manufacturer’s 
protocol. Purified EGFP DNA (26 µl) was digested with PagI (0.5 µl) and NotI (0.5 µl) (both 
Thermo Scientific, USA) restriction enzymes (1h, 37°C) and purified with QIAquick PCR 
Purification Kit (Qiagen) according to the manufacturer’s protocol. The PagI/NotI-digested 
EGFP DNA (6.5 µl) was ligated into the pHis2 plasmid digested by NcoI and NotI (2 µl) 
with T4 DNA ligase (NEB, USA) (0.5 µl) in T4 DNA ligase 10x reaction buffer (NEB) (3 µl) 
for 1 h at room temperature. In addition, a negative control without the insert was included. 
Three µl of ligation reaction was used to transform 60 µl of chemically competent 
DH5-Alpha E.coli bacteria (made in house) – transformation reaction: bacteria were 
thawed on ice, bacteria with ligation reaction were incubated for 20 min on ice, then heat 
shock -  42 °C - 42 s, 1 min on ice, 1 ml of LB media was added and bacteria were 
incubated for 1 h at 37°C. After that the cells were spun down at 21 000x g for 1 min and 
the supernatant was discarded. The suspension of bacteria was plated on Amp+ plates 
and grown overnight at 37°C. In addition, a negative control without the insert was 
included.  
Four colonies were pre-screened with colony PCR reaction: template from picked 
colony, 1 µl of each forward and reverse 10 µM primer, 7.5 µl of Taq 2x master mix (NEB), 
5.5 µl of H2O, total volume 15 µl; program: 95°C - 5 min – (95 °C – 30 s, 58 °C – 30 s, 
72°C – 60 s) – 30x, 72 °C – 5 min. The PCR products were loaded on a 1.5% agarose gel 
with GeneRuler 1 kb plus DNA ladder (Thermo Scientific). Positive colonies were 
inoculated into 4 ml LB media with 150 µg/ml Amp and cultivated 12-16 h at 37°C with 
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shaking at 220 RPM. Plasmids were isolated with QIAprep Spin Miniprep kit (Qiagen) 
according to the manufacturer’s protocol and their concentrations were measured by 
spectrophotometer DeNovix DS-11 (DeNovix, USA). The plasmids were sequenced in 
GATC Biotech AG in Germany and sequences were checked with ApE software (version 
2.0.47 for Windows). 
3.2.2 Cloning wtPDZ and PDZ 10xM into pHis2-EGFP plasmid 
 DNA sequences of wtPDZ, mutant variant of PDZ domain with ten mutations (PDZ 
10xM) and primers with restriction sites (highlighted green - shown below) were ordered 
from GenScript (New Jersey, USA).  
PDZ NcoI_fwd NNNC’CATGGAAGCTTCCATGTGATTCTG 
PDZ NotI_rev NNNGC’GGCCGCTATTATTGACGGCTCACAAC 
NcoI and NotI restriction sites were introduced into the PDZ sequences by PCR with the 
following reaction setup: 
Q5 high-fidelity 2X master mix (NEB) - 10 µl 
Template wtPDZ/PDZ 10xM DNA – 0.3 µl 
10 µM Forward primer – 1 µl 
10 µM Reverse primer – 1 µl 
H2O to the final volume of 20 µl – 7.7 µl  
Program: 98 °C  - 30 s – initial denaturation (98 °C – 8 s, 55 °C – 20 s, 72 °C – 10 s) – 
30x, 72 °C – 2 min. The PCR products were checked on a 1.5% agarose gel with 
GeneRuler 1 kb plus DNA ladder (Thermo Scientific) and then purified with QIAquick PCR 
Purification Kit (Qiagen) according to the manufacturer’s protocol. Purified wtPDZ/PDZ 
10xM DNA (26 µl) was digested with NcoI (0.5 µl) and NotI (0.5 µl) (both Thermo Scientific) 
restriction enzymes (1h, 37°C) and purified with QIAquick PCR Purification Kit (Qiagen) 
according to the manufacturer’s protocol. The NcoI/NotI-digested wtPDZ/PDZ 10xM DNA 
(6.5 µl) was ligated into the pHis2-EGFP plasmid digested by PagI and NotI (2 µl) with T4 
DNA ligase (NEB) (0.5 µl) in T4 DNA ligase 10x reaction buffer (NEB) (3 µl) for 1 h at room 
temperature. Next, plasmid transformation, colony PCR and plasmid isolation was 
performed according to the procedure mentioned in “3.2.1 Cloning EGFP into pHis2 
plasmid” (above). The plasmids were sequenced in GATC Biotech AG in Germany and 
the sequences were checked with ApE software (version 2.0.47 for Windows). 
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3.3 Whole plasmid site-directed mutagenesis 
  The mutations were introduced at the 5’ end of the non-phosphorylated reverse 
primers. The forward primers were phosphorylated and both primers were designed 
longer than 15 bases with Tm above 60°C (see primer sequences in Supplementary 
information). Site-directed mutagenesis by PCR was performed with the following reaction 
setup: 
Q5 high-fidelity 2X master mix (NEB) - 10 µl 
Template pHis2-wtPDZ-EGFP DNA – 0.3 µl  
10 µM Forward primer – 1 µl 
10 µM Reverse primer – 1 µl 
H2O to the final volume of 20 µl – 7 µl  
Program: 98 °C  - 1 min – initial denaturation (98 °C – 8 s, 64 °C – 20 s, 72 °C – 4 min 9 
s) – 30x, 72 °C – 5 min. The PCR products were checked on a 1.5% agarose gel with 
GeneRuler 1 kb plus DNA ladder (Thermo Scientific). Positive samples from PCR (4 µl) 
were ligated with T4 DNA ligase (NEB) (0.5 µl) in T4 DNA ligase 10x reaction buffer (NEB) 
(3 µl) with 1.5 µl of PEG4000 (because of blunt-end ligation) and 7.5 µl of H2O to the final 
volume of 15 µl for 1 h at room temperature. Then transformation and isolation were 
performed according to the procedure mentioned in “3.2.1 Cloning EGFP into pHis2 
plasmid” (above). The plasmids were sequenced in GATC Biotech AG in Germany and 
the sequences were checked with ApE software (version 2.0.47 for Windows). 
Several PCR mutagenesis reactions yielded no product and some sequencing 
results showed wtPDZ instead of the mutant variant. To troubleshoot PCR mutagenesis, 
annealing temperature was decreased and template wtPDZ DNA was 1000 times diluted. 
This helped overcome the issue with negative sequencing results, but it still did not work 
for every PCR mutagenesis. Thus gradient PCR was conducted to determine the optimum 
annealing temperature with the temperature gradient ranging from 54 °C to 63 °C. 
3.4 Protein expression 
3.4.1 FOXO4 protein expression 
A half µl of pET-15b plasmid containing protein-coding DNA for the FOXO4-
DBD(82-207) protein with N-terminal 6x-His fusion tag (Boura et al., 2007) was used to 
transform 40 µl of chemically competent bacteria E.coli BL-21(DE3) Gold (Stratagene, 
USA) – transformation reaction: bacteria were thawed on ice, bacteria with the expression 
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plasmid were incubated for 10 min on ice, then heat shock -  42 °C - 42 s, 1 min on ice, 
400 µl of LB media was added and bacteria were incubated for 5 min at room temperature. 
Then 5 ml of LB media with 150 µg/ml Amp was added and the bacteria were grown 
overnight at 37°C with shaking at 220 RPM.  
 Protein production was carried out by adding 1 ml of the starter culture from the 
previous step to 0.5 l of LB media with 150 µg/ml Amp and bacteria were grown at 37°C 
with shaking at 220 RPM until the optical density of the sample measured at wavelength 
of 600 nm reached 0.6-0.8 (measured by spectrophotometer DeNovix DS-11 (DeNovix)). 
Expression of the recombinant protein FOXO4-DBD was induced by addition of IPTG 
(Isopropyl β-D-1-thiogalactopyranoside) (Sigma-Aldrich) to a final concentration of 1 mM 
(the protocol for FOXO4 production is well established in the lab and therefore I did not 
optimize IPTG concentration). The bacteria were grown for 12 h at 30 °C with shaking at 
220 RPM. After that they were harvested by centrifugation at 6 000x g for 10 min at 4 °C. 
The cell pellet was washed by lysis_buffer and resuspended in 20 ml/l of the same buffer. 
The cell suspension was supplemented with lysozyme (5 µg/ml), DNase I (300 U), RNase 
(300 U), 400 µl of 1M MgCl2 and was frozen to -80 °C, thawed and sonicated for 4 min on 
ice. The sonicated cell extract was centrifuged at 40 000x g for 20 min at 4 °C and the 
supernatant was collected. 
3.4.2 PDZ and EGFP protein expression 
A half µl of plasmid pHis2 containing protein-coding DNA for wtPDZ/PDZ M3/PDZ 
M5/PDZ M10/PDZ 10xM (all fusion proteins with EGFP) or EGFP with an N-terminal 6-
His fusion tag was used to transform 40 µl of chemically competent bacteria E.coli BL-
21(DE3) Gold (Stratagene, USA) – transformation reaction: according to the procedure 
mentioned in “3.4.1 FOXO4 protein expression” (above). 
To find the optimal IPTG concentration for protein expression induction one ml of 
LB medium with 150 µg/ml Amp was added into six microtubes. Each microtube was 
inoculated with 10 µl of the overnight grown bacterial culture. Then bacteria were grown 
at 37 °C with shaking at 220 RPM for 1 hour. After that IPTG (Sigma-Aldrich) was added 
into each microtube in the following concentrations: 1 mM, 0.5 mM, 0.2 mM, 0.1 mM, 0.05 
mM and 0 mM. Bacteria were incubated at 37°C with shaking at 220 RPM for 2.5 hour 
and then centrifuged at 5000x g for 10 min at room temperature. The bacterial pellets were 




Protein production was conducted according to the procedure in “3.4.1 FOXO4 
protein expression” (above) with the optimized IPTG concentration at 0.1 mM. 
3.5 SDS-PAGE 
Sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) was 
performed with a 15% polyacrylamide separating gel and 5% polyacrylamide stacking gel. 
Gels were prepared according to the table below: 
 
Fifteen µl of sample with 5 µl of 2x reducing SDS sample buffer were boiled for 5 
min and then centrifuged at 10 000x g for 10 min at room temperature. The electrophoresis 
apparatus was filled with electrode_buffer and the centrifuged samples were loaded on 
the gel. Electrophoresis was run at a constant current 15 mA/gel for stacking gel and 25 
mA/gel for separating gel. After electrophoresis, the gels were stained with 
staining_solution for 15 min and the non-specifically stained background was washed out 
with destaining_solution. 
3.6 Protein purification 
3.6.1 Immobilized metal affinity chromatography 
Immobilized metal ion affinity chromatography (IMAC) is usually used as a first step 
in protein purification. It separates proteins on the basis of reversible interactions between 
an amino acid tag (e.g. 6xHis-tag) and immobilized metal ions. For example, TALON 
superflow resin (Clontech, USA) consist of a tetradentate chelator charged with cobalt that 
has an affinity and a specificity for a polyhistidine-tag. Elution of the bound protein is 
performed with a buffer containing a high concentration of imidazole that acts as a 
competitive ligand for the metal ions (reviewed in (Cheung et al., 2012)). 
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A column packed with TALON superflow resin (Clontech) was equilibrated with 
BufferB0_IMAC and washed with BufferA_IMAC. The collected supernatant from protein 
production was loaded on the column at a flow rate of 1ml/min. The proteins bound to the 
column were washed with the BufferA_IMAC and then eluted with BufferB_IMAC. The 
eluate was analyzed by SDS-PAGE. 
3.6.2 Size exclusion chromatography 
Size exclusion chromatography (SEC) separates molecules based on their size 
and is usually used as a second step in protein purification when higher purity is required. 
SEC is also a convenient method for removing possible aggregates that would interfere 
with downstream binding assays.  
The column EnRich Sec70 10/300 24 ml (Bio-Rad, USA) was connected to the 
pump and equilibrated with buffer_GF at a flow rate of 0.8 ml/min for 35 min. The 
concentrated eluate from IMAC was loaded on the column at a constant flow rate 0.5 
ml/min. Fractions of 1 ml were collected after the absorbance of the solution eluted from 
the column (measured at wavelength of 280 nm) exceeded 0.1 threshold. The fractions 
were analyzed by SDS-PAGE and protein concentrations measured by 
spectrophotometer DeNovix DS-11 (DeNovix). Purified proteins were stored at -80 °C. 
3.6.3 Ion exchange chromatography 
Ion exchange chromatography (IEC) was performed to remove the possible 
contamination of the FOXO4 protein sample with PDZ-EGFP protein. It separates 
molecules on the basis of their net surface charge and elution is performed by increasing 
ionic strength that can be controlled by using different forms of salt gradients. 
The column Mono S HR 5/5 (GE Healthcare Life Sciences, USA) was connected 
to the pump and was washed with the BufferA_IEC at a flow rate of 1 ml/min until the 
conductivity was stable. After that the sample was loaded at a flow rate of 1 ml/min. The 
elution was performed with a linear salt (NaCl) gradient from 20 mM to 1 M at a flow rate 
of 1ml/min for 50 min. Fractions of 1 ml were collected after the absorbance of the solution 
eluted from the column (measured at 280 nm) exceeded 0.1 threshold. Samples were 
desalted by Amicon Ultra-15 10K centrifugal filter device (Merck Millipore, USA) according 




The synchronous fluorescence spectrum of the FOXO4 sample [150 µM] was 
measured in the range from 320 nm to 800 nm with a 15 nm constant difference between 
excitation and emission wavelength. The synchronous spectrum of the wtPDZ-EGFP [0.1 
µM] was measured under the same conditions for comparison. The fluorescence spectra 
were measured by Spectrofluorometer FluoroMax 3 (Jobin Yvon) 
3.8 Nano differential scanning fluorimetry 
Prometheus NT.48 (NanoTemper Technologies GmbH, Germany) induces thermal 
unfolding of proteins and detects changes of the intrinsic fluorescence of the amino acid 
tryptophan (Trp), which is usually located within the hydrophobic core of a protein. When 
a protein unfolds the Trp gets exposed to the different environment. This leads to a change 
in its fluorescence that is detected by highly sensitive UV-detectors. By detecting the 
changes in the Trp fluorescence, protein quality, aggregation, correct protein folding and 
the melting temperature (Tm) can be determined in a dye-free approach (Maschberger and 
Breitsprecher, 2015). Amino acids tyrosine and phenylalanine contribute to the protein 
intrinsic fluorescence significantly less than Trp, but it was shown that they can be 
exploited for the measurement with the Prometheus NT.48 when a measured protein 
sequence does not contain any Trp (Misetic, 2016). 
NanoDSF grade high sensitivity capillaries (NanoTemper Technologies GmbH) 
were filled with 10 µl of sample per capillary. Capillaries were dipped into the samples, 
filled automatically by capillary forces, placed into the machine and heated at a rate of 1 
°C/min, from 20 °C to 95 °C. Fluorescence at 350 nm and 330 nm was collected at a rate 
of 10 data points per minute. The data were analyzed with PR.control software (version 
1.1) from NanoTemper Technologies GmbH. Unfolding transition midpoints were 
automatically calculated by the software from the first derivative of fluorescence ratio 
(F350/F330). 
3.9 Microscale thermophoresis 
 The interaction of molecules alters their size, charge or hydration shell which 
causes the changes of the mobility of molecules in microscopic temperature gradients. 
These changes can be detected by MicroScale Thermophoresis (MST) that allows 
detection of biomolecular interactions from ion binding up to interactions of large 
complexes (e.g. ribosomes) under close-to-native conditions. The instrument Monolith 
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NT.115 pico (NanoTemper Technologies GmbH) analyzes thermophoresis by measuring 
fluorescence and therefore one of the binding partners must be fluorescently labeled. 
  During the binding experiment concentration of the fluorescent molecule is kept 
constant and concentration of the titrant is altered by titration. Binding of a titrated, 
unlabeled molecule to a fluorescent molecule alters its size, charge or hydration shell.  
This can be quantified by measuring the change in thermophoresis (directed movement 
of molecules along a temperature gradient) of the fluorescent molecule induced by 
infrared laser that is monitored in titration experiments with Monolith NT.115 pico 
instrument (NanoTemper Technologies GmbH). The dissociation constant Kd is then 
automatically calculated with Affinity Analysis (MST) software (version 2.0.2) by fitting the 
binding curve (Figure 11). 
Protein concentrations were measured by spectrophotometer DeNovix DS-11 
(DeNovix). FOXO4 samples were concentrated by Amicon Ultra-15 10K or Amicon Ultra-
0.5 10k centrifugal filter devices (Merck Millipore) according to the manufacturer’s 
protocol. Before the binding experiments two types of capillaries were checked to avoid 
possible protein adsorption to the glass capillary, which could result in experimental 
artifacts. Monolith NT.115 MST standard treated capillaries and Monolith NT.115 MST 
premium coated capillaries (both NanoTemper Technologies GmbH) were filled with 
fluorescently labeled PDZ [3.2 nM] (in MST_buffer) and their fluorescence was measured 
by Monolith NT.115 pico instrument (NanoTemper Technologies GmbH). On the basis of 
these measurements I chose premium coated capillaries that showed no sticking 
Figure 11 | Microscale thermophoresis. A | The thermophoresis inside the capillary is initiated with a 
focused IR-laser (IR-laser on). As the temperature inside the capillary increases the fluorescent molecules 
move away and the fluorescence decreases. The fluorescent molecules that formed complexes with 
titrated molecules move away at a slower rate (bound vs unbound). B | Plotted normalized fluorescence 
signal from each capillary with a different concentration of titrant molecules results in a binding curve that 
is subsequently used for fitting Kd. Adapted from https://nanotempertech.com/. 
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compared to slight sticking when using standard treated capillaries. Buffer composition 
(NaCl 150 mM, Tris-HCl 50 mM, pH=7.4) was optimized with 0.05% Tween-20 to reduce 
noise as it is recommended in the manufacturer’s protocol. 
Both PDZ and FOXO4 were centrifuged at 20 000x g for 10 min at room 
temperature to remove protein aggregates. Then 5 µl of MST_buffer was added to 9-15 
PCR tubes and 10 µl of FOXO4 ligand [556 µM] was pipetted to PCR tube one. A serial 
dilution of unlabeled FOXO4 was prepared: 5 µl from PCR tube one was transferred to 
PCR tube two, from two to three - repeated for all PCR tubes. After that 5 µl of fluorescently 
labeled PDZ [3.2 nM] was added to each PCR tube of the 2-fold dilution series and mixed 
well by pipetting up and down. The binding reaction was incubated for 10 min at room 
temperature. Monolith NT.115 MST premium coated capillaries (NanoTemper 
Technologies GmbH) were dipped into the samples, filled automatically by capillary 
forces, placed into the machine and MST analysis was started with MST power 40 % and 
60 %. As a negative control EGFP protein was used instead of PDZ-EGFP fusion protein. 
Data were analyzed with Affinity Analysis (MST) software (version 2.0.2). 
3.10 Bioinformatic analysis of bladder cancer RNA-Seq data 
3.10.1 BCa RNA-Seq data 
This thesis includes BCa RNA-Seq data (only first diagnosed tumors) from 
previous studies (Hedegaard et al., 2016) (N=476) and (Nordentoft et al., 2014) (N=29) 
that are deposited in the EGA (https://www.ebi.ac.uk/ega/) under accession numbers 
EGAS00001001236 and EGAS00001001686 respectively. In addition, unpublished RNA-
Seq data from 21 patients (first diagnosed tumors) are included in this thesis. These 
samples were prepared and sequenced following the same procedure as in (Nordentoft 
et al., 2014). 
 Samples (N=476) from (Hedegaard et al., 2016) were collected from year 2008 to 
2012 in multiple European hospitals. Overall the progression rate was low – only 31 
samples (~ 7 %) were progressive tumors. Thus I decided to collect mores samples to 
increase the number of progressive tumors. I included unpublished samples (N=21) and 
samples (N=29) from (Nordentoft et al., 2014) which were collected in Aarhus University 
Hospital. These datasets contained 26 progressive tumors. All patients were followed 
according to the national guidelines. 
Altogether I collected 510 NMIBC (Cis, Ta and T1) RNA-Seq samples and 16 MIBC 
(T2+) RNA-Seq samples. Within NMIBC 453 were non-progressive tumor samples and 
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57 progressive tumor samples (Figure 12). For each sample clinical information about 
patient age, patient sex, patient progression free survival (PFS), tumor stage, tumor grade, 
cancer progression and intravesical BCG (Bacillus Calmette–Guérin) treatment were 
available. 
Here I worked with gene FPKM (Fragments Per Kilobase of exon per Million 
fragments mapped) matrices that were all generated with the Tuxedo Suite tools (Trapnell 
et al., 2012) using the same procedure.  
 
3.10.2 BCa TME analysis by xCell method 
xCell method (Aran et al., 2017)  is a gene signature based method for tumor digital 
dissection. xCell gene signature set enables to infer 64 cell types and estimate tumor 
purity. Aran et al. (2017) found that tumor purity negatively correlates with the 
microenvironment score, which was the average score of 47 immune and stroma cell 
types. 
The gene FPKM matrices were read into the R computing environment (version 
3.3.3 for Windows) and merged into one file with genes in rows and samples in columns. 
Figure 12 | Project scheme. Altogether 526 transcriptomic samples were collected from first diagnosed 
bladder tumors (green boxes). 476 samples from (Hedegaard et al., 2016) were used for FOXO analysis 
(red) and xCell analysis (gray). Then all NMIBC were merged and filtered. 103 non-progressive (NP; PFS > 44 
m, no BCG) and 53 progressive (P; no BCG) BCa samples were used for FOXO and pathway analysis (red), 
and xCell and para-inflammation (PI) analysis (gray).  
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This file was then uploaded to xCell webtool (available at: http://xcell.ucsf.edu/) and the 
analysis was performed with xCell gene signature set (N=64). The result from the analysis 
was read into the R computing environment (version 3.3.3 for Windows) and all the 
following analyses were conducted within this environment. Samples from NMIBC patients 
were split into two groups. The first group contained only non-progressive tumors (NP) 
and the second only progressive tumors (P). Tumors were classified as progressive if 
NMIBC (Cis, Ta and T1 stage) progressed to MIBC (T2+). Then the file containing clinical 
information about samples was joined to the xCell file and the clinical information was 
examined. The highest PFS in P group was 44 months (average = 11 m, median = 6 m) 
and in NP group 75 months (average = 36 m, median = 35 m). Since not all patients were 
followed for five years due to patient death or other reasons there could be tumors within 
NP group that would eventually progress. Thus, preliminary analysis with PFS cutoffs set 
to 12, 24 and 44 months were performed. Indeed, the significance increased with higher 
PFS cutoff. For further analysis, the highest cutoff (PFS>44 months) was selected to 
reduce the noise from misclassified tumors to a minimum. Data distribution was visually 
inspected with qqPlot function from car package (version 2.1-5) though normality 
assumption for parametric tests is not vital for large numbers of samples (N>50). 
Differences in cell types between NP group and P group were tested with t-test with 
unequal variances using t.test function. Data were visualized with boxplot function and 
with functions from beanplot (version 1.2) package. 
3.10.3 Machine learning analysis 
3.10.3.1 Random Forest 
The Random Forest (RF) machine learning algorithm was performed in the R 
computing environment (version 3.3.3 for Windows) using randomForest package 
(version 4.6-12). Altogether 103 NP (PFS > 44m, no BCG) and 53 P (no BCG) samples 
were randomly split into the training and the test set in the ratio 8:2. Subsequently, RF 
with all cell type variables from the xCell output was run to rank their importance in the 
prediction model with mean decrease accuracy (MDA). Then RF was run again with the 
cell showing the highest MDA value and each additional run one more cell type having 
lower MDA was added and the model performance was estimated. After that the model 
with the highest accuracy was selected and its performance was tested on the test set.  
Then patient age and/or tumour grade were added into the model to improve the 
performance and the same procedure was repeated. Due to a different grading system 
between dataset 1 (low/high grade; WHO 2004) and dataset 2 (grade 1, 2 or 3; WHO 
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1973) only grade 1 and grade 3 samples from dataset 2 were taken and denoted as low 
grade and high grade respectively. There were no PUNLMP tumors. RF with cells, age 
and grade, cells and age and only with cells were conducted.  
For BCa molecular classes prediction 476 samples from (Hedegaard et al., 2016) 
were used without splitting them into the training and the test set. All Random Forest 
algorithms were performed with a 1000 trees to grow (= ntree parameter). Importance and 
proximity parameters were set to TRUE. Number of randomly sampled variables available 
for splitting at each tree node (= mtry parameter) was set to sqrt(number of variables in 
the dataset). RF results were visualized with multidimensional scaling (MDS) plot using 
MDSplot function. Confusion matrices were created with confusionMatrix function. RF 
prediction models were tested on the test set with predict function. Matthews Correlation 
Coefficient (Matthews (1975) cited in Baldi et al. (2000)) was calculated from the following 
equation: MCC = ((TruePositive(TP)* TrueNegative(TN)) - (FalsePositive(FP)* 
FalseNegative(FN))) / sqrt((TP+FP) * (TP+FN) * (TN+FP) * (TN+FN)). All repetitive tasks 
were automatized using loops or functions from the Apply family of functions (e.g. apply, 
lapply, sapply). 
3.10.3.2 Support Vector Machine  
The Support Vector Machine (SVM) machine learning algorithm was performed in 
the R computing environment (version 3.3.3 for Windows) using e1071 package (version 
1.6-8). The progression prediction models were trained with linear kernel using tune.svm 
function on the same training sets that were used for RF. Then tune function was run to 
choose the best cost parameter and 10x cross-validation to estimate the model 
performance and subsequently the best model was tested on the test set using the predict 
function.  
3.10.3.3 Neural Network 
The Neural Network (NN) machine learning algorithm was performed in the R 
computing environment (version 3.3.3 for Windows) using neuralnet package (version 
1.33). The training sets that were used for RF were randomly split into the new training 
sets and the validation sets in the ratio 8:2. The NN was trained on the new training sets 
using neuralnet function with 1:64 number of hidden neurons and the models’ 
performances were estimated on the validation sets. Subsequently the models with the 
highest accuracy were chosen and tested on the test sets using the compute function. 
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3.10.4 PI score 
The PI scores were calculated with R programming language code 
(‘calculatePIscore’ function) and objects, that were acquired from Dvir Aran,Ph.D (Aran et 
al., 2016) via email correspondence, in the R computing environment (version 3.3.3 for 
Windows). ‘CalculatePIscore’ function is a ssGSEA (single-sample Gene Set Enrichment 
Analysis) method that calculates ssGSEA score based on a signature of 40 genes (see 
gene signature in Supplementary information). Since the differences between PI scores 
could be explained only by differences in purity levels of the samples, an adjustment 
procedure is included in ‘calculatePIscore’ to remove inflammatory gene expression 
originating from immune infiltrations. The PI scores were calculated for 103 NP (PFS > 
44m, no BCG) and 53 P (no BCG) samples using ‘calculatePIscore’ function and the 
results were visualized with beanplot function. Differences in the PI scores between NP 
group and P group were tested with t-test with unequal variances using the t.test function. 
(Scripts and objects for calculating the PI score are available at email address: 
tausp@natur.cuni.cz) 
3.10.5 FOXO analysis 
Exploratory analysis, statistical tests and data visualization were performed within 
the R computing environment (version 3.3.3 for Windows) using functions already 
mentioned above. Data were manipulated and filtered with functions from dplyr package 
(version 0.6.0). 
3.10.6 Pathway analysis 
Whole genome enrichment analysis of 103 NP (PFS > 44m, no BCG) and 53 P (no 
BCG) samples was conducted using Gene set enrichment analysis (GSEA) (version 2.2.4) 
and results were visualized using Cytoscape (version 3.4.0). Two files were required for 
GSEA – rank file (.rnk extension) and pathway database (.gmt extension). Pathway 
database (“Human_GOBP_AllPathways_no_GO_iea_ May_01_2017_symbol.gmt”) was 
downloaded from http://baderlab.org/GeneSets. To generate a rank file for GSEA a score 
(sign(mean(NP)-mean(P))*-log10(pvalue)) was calculated from Welch Two Sample t-test 
differential expression results. The sign of the difference of the means indicates if the gene 
has an expression which is higher in NP (+ sign) or in P (- sign). The following parameters 
for GSEA were specified - No. of permutations = 2000, collapse dataset to gene symbols 
= false, enrichment statistics = weighted, max size = 500 and min size = 10. GSEA 
performs a gene-set enrichment analysis using a modified Kolmogorov-Smirnov statistic. 
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The output result consists of summary tables displaying enrichment statistics for each 
gene-set (pathway) that has been tested. For the pathway visualization with Cytoscape 
the following files were needed – gmt file and rank file (input files for GSEA), expression 
file (RNA seq data for all samples and all genes), GSEA ouput 1 (GSEA results for NP 
phenotype) and GSEA output 2 (GSEA results for P phenotype). EnrichmentMap app 
within Cytoscape was used to create visualization. For the parameters, P-value cutoff was 
set to 1 (not used as a selection criteria), FDR Q-value to 1E-05 (only gene-sets enriched 
at a value 1E-05 or less were displayed) and in similarity cutoff Jaccard+Overlap 
Combined was selected with default values (cutoff=0.375, combined constant=0.5). To 
auto-annotate the network with cluster labels Autoannotate app within Cytoscape was 
used (additionally apps WordCloud and ClusterMaker had to be installed). Markov Cluster 
algorithm and default label algorithm (WordCloud: Adjacent Words) with max four labels 
per label and five bonus for adjacent word were used within the app. For clarity of 
visualization clusters with two or less nodes were removed.  
3.10.7 Relationships between FOXO expression, TME and PI score in 
non-progressive and progressive BCa 
The correlation between FOXO expression level, cell types in TME and PI score 
were tested with a Spearman’s correlation test using cor.test function. After statistical 
tests, significant results (p < .01) were visually inspected by plot function to check if these 
results were not caused by a few outliers. All repetitive tasks were automated using loops 
or functions from the Apply family of functions (e.g. apply, lapply, sapply).  
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4   Results 
4.1 Microscale thermophoresis binding assay 
This study was initiated by the in silico identification of the key interface residues 
in the complex of the wtPDZ domain and FOXO4. Consequently, ten mutations in the PDZ 
domain which resulted in higher interaction affinity between the two molecules were 
selected. In this part of my diploma thesis I proved that the PDZ domain structure is indeed 
suitable for rational design and verified the choice of four mutant variants. Here I present 
the results of the preparation of predicted PDZ mutant variants, protein production and 
purification and eventually the binding experiment. Additionally, I show the results of my 
struggle with fluorescence of non-tagged FOXO4-DBD.  
4.1.1 Protein preparation for microscale thermophoresis binding assay 
From the first round of PCR mutagenesis I obtained only one mutant variant of the 
PDZ domain out of ten and from the second round with a decreased annealing 
temperature and lower DNA template concentration another one out of five. This failure 
prompted me to perform gradient PCR for one mutant variant with a successful output. 
Altogether I prepared three DNA sequences of mutant PDZ variants – PDZ M3, PDZ M5 
and PDZ M10. Even though gradient PCR mutagenesis was a seemingly successful 
strategy I could not perform more of them because the lack of funding. 
 I produced and then purified the following proteins by IMAC and GF: wtPDZ (Figure 
13), PDZ M3, PDZ M5, PDZ M10, PDZ 10xM (all PDZ were fusion protein with EGFP), 
EGFP and FOXO4-DBD (Figure 14). 
Figure 13 | SEC chromatogram of wtPDZ purification (on the left) and SDS-PAGE of 
wtPDZ (on the right). A | Sample of wtPDZ after purification by SEC. B | Sample of wtPDZ 
after purification by IMAC and before purification by SEC. (Marker, line ‘A’ and line ‘B’ are 





4.1.2 Issue with fluorescence of non-tagged FOXO4-DBD 
When performing the first MST measurement I detected an intrinsic fluorescence 
of non-tagged FOXO4 in blue and red spectrum. Next, I measured the synchronous 
fluorescence spectrum of the FOXO4 sample in range from 320 nm to 800 nm with 
constant difference between excitation and emission wavelength 15 nm and the 
synchronous spectrum of the wtPDZ-EGFP under the same conditions for comparison 
(Figure 15). The fluorescent spectrum of wtPDZ-EGFP [0.1 µM] demonstrated a spectrum 
typical for EGFP protein and the fluorescent spectrum of FOXO4-DBD [150 µM] also 
showed a peak typical for EGFP but considerably smaller (~17x). This peak interfered with 
the MST measurement by Monolith NT.115 pico instrument in the blue LED diode 
spectrum (absorption=460-480, emission=510-530). Additionally, a peak typical for Trp 
(FOXO4-DBD has 5 Trp) and also a peak in the red spectrum had appeared. The latter 
mentioned peak corresponded with results of fluorescence measurement by Monolith 
NT.115 pico instrument in the red LED diode spectrum (Figure 16). 
 
 
Figure 14 | SEC chromatogram of FOXO4 purification (on the left) and SDS-PAGE of FOXO4 
(on the right). A | Sample of FOXO4 after purification by SEC. B | Sample of FOXO4 after 
purification by IMAC and before purification by SEC. (Markers, line ‘A’ and line ‘B’ are from one 





The opposite net surface charge (at pH 7.4) of FOXO4-DBD and PDZ-EGFP fusion 
proteins prompted me to purify the FOXO4 protein sample with IEC to remove possible 
contamination with PDZ-EGFP. However, the fluorescence was eliminated only in some 
IEC fractions. Moreover, this experiment showed that the fluorescence was independent 
on the protein concentration (Figure 16). 
Figure 15 | Synchronous fluorescence spectrum of 150 µM FOXO4 sample (red) and 0.1 µM 
wtPDZ-EGFP (green) from 320 nm to 800 nm. Black arrow shows a small fluorescence peak in ‘red’ 
spectrum. 
Figure 16 | Analysis of FOXO4 fluorescence. IEC fractions of FOXO4 were analyzed by SDS-PAGE (at 
the top) and fluorescence was measured in ‘Blue’ (absorption = 460-480,emission = 510-530) and ‘Red’ 





There were no visible bands on the SDS-PAGE gel in the PDZ-EGFP area. I 
excised three bands in the range 18.4 – 14.4 kDa and performed MALDI-TOF mass 
spectrometry with cleavage agent Trypsin/P (mass spectrometry measurement was 
performed by Daniel Kavan in the Laboratory of Structural Biology and Cell Signalling, IM 
CAS). All three analyzed bands from the gel were proved to be FOXO4-DBD proteins with 
the same N-terminus by the comparison of mass spectra. 
Next, I performed IEC with a focused salt gradient to separate FOXO4 degradation 
products with the assumption that these might be the source of the fluorescence. Indeed, 
I separated degradation products by focused IEC but the fluorescence did not disappear 
(Figure 17). I did not identify the source of the fluorescence but based on my results I 
suggest that it was not the contamination by EGFP (after SEC and IEC) nor small 
molecular weight compounds (after SEC). Eventually I was able to prepare FOXO4 
samples without fluorescence or minimal fluorescence that did not interfere with the MST 
measurement (i.e. random fluorescence changes in capillaries were ≤ ~10 %) by repeating 




Figure 17 | IEC with focused salt gradient. A | Sample after IEC purification was purified again with 
IEC with focused salt gradient. Two peaks were separated. B | Eluted protein sample from the second 
peak was collected and purified again with IEC with a more focused salt gradient. C | Degradation 
products were separated from FOXO4, however the fluorescence was present in this sample. (Peak on 





4.1.3 Nano differential scanning fluorimetry and microscale 
thermophoresis 
I performed binding experiments of four PDZ mutant variants and wtPDZ by MST 
(Monolith NT.115 pico instrument). As a negative control, I used EGFP only. Before the 
MST binding assays, I measured the quality of all purified PDZ domains and FOXO4-DBD 
(Figure 18 and 19) with nanoDSF fluorimetry (Prometheus NT.48). These measurements 
showed that the protein quality was sufficient for binding experiments using MST. 
 
 
Figure 18 | FOXO4 thermal unfolding. Results of qualitative measurement of four FOXO4 technical 
replicates using Prometheus NT.48. The results show that the quality of the produce protein is sufficient for 
the next measurements. The estimated denaturation midpoint was ~53 °C. 
 
Figure 19 | PDZ thermal unfolding. Results of the qualitative measurements of wtPDZ, M10, 10xM, M5 
and M3 using Prometheus NT.48. The concentration of the measured proteins was not standardized to the 
same value (in the order of μM). However, from the curve shapes I can state that the proteins are of sufficient 
quality for further experiments. The estimated denaturation midpoints were around 70-75 °C. (PDZ proteins 




I conducted the first binding experiment with wtPDZ-EGFP and max[FOXO4] = 28 
µM and did not detected any binding event (Figure 20, brown line). We expected binding 
affinities to be in a range from µM to sub-mM. Maximal concentration of titrated molecule 
must be at least ten times higher than the actual binding affinity to be able to accurately 
determine Kd. Thus, I increased max concentration of FOXO4 ten times to 278 µM. Then 
I performed the binding experiment with wtPDZ again and detected a binding event (Figure 
20, light blue line). I decided to use the same FOXO4 concentration in other binding 
experiments. However, even this concentration was not more than ten times higher than 
the actual binding affinities and therefore I was unable to determine an accurate Kd of 
PDZ-FOXO4 binding. I estimated the Kd values to be in a range from 100 µM to 10 mM 
and compared these binding affinities among predicted PDZ mutant variants and wtPDZ 
in relative terms. The highest binding affinity was observed for mutant variants carrying all 
predicted mutations and the lowest for wtPDZ (Figure 20). The negative control with EGFP 
protein was indeed negative. It is important to note that due to a shortage of funds I did 
not perform biological replicates for each PDZ domain, only one replication for wtPDZ, 
which was successful (Figure 21). Altogether I conducted seven binding experiments with 
PDZ domains, that were not influenced with the unknown fluorescence of non-tagged 
FOXO4 and all showed a positive signal compared to the negative control with EGFP.  
 
Figure 20 | MST binding experiments. MST binding experiments of predicted mutant variants PDZ – 10xM 
(green), M10 (orange), M5 (dark blue) and M3 (purple), wtPDZ (light blue) and wtPDZ with max[FOXO4] = 28 
μM (brown). In all experiments, the highest concentration of FOXO4 was diluted with 2-fold serial dilution. Max 








4.2 Bioinformatic analysis of bladder cancer RNA-Seq data 
 In this part of my diploma thesis I analyzed differences between NP and P BCa 
with respect to cellular composition of TME and FOXO gene expression. In addition to 
planned tasks I decided to include an analysis of PI. Next, I conducted a pathway analysis 
and I investigated the relationship between cell types, PI and FOXO expression levels in 
individual BCa patients. This part of my thesis was performed at the Bioinformatics 
Research Center in Aarhus under supervision of Palle Villesen.  
4.2.1 Bladder tumor microenvironment analysis from RNA-Seq data 
I analyzed bladder tumor-infiltrating leukocytes from bulk tumor gene expression 
data using deconvolution method CIBERSORT. However, the quality of the deconvolution 
output and consequently information level for further analysis was poor (data not shown). 
I suggest it was caused by the fact that CIBERSORT was tested on microarray data 
(Newman et al., 2015). Fortunately, at the same time a new method called xCell for 
analyzing TME from bulk tumor gene expression data had emerged (Aran et al., 2017). 
This gene signature based method enables to infer 64 immune and stroma cell types 
providing more complex description of a TME. Additionally, xCell provides the information 
about the tumor purity defined as a microenvironment score. 
Figure 21 | wtPDZ biological replicates. MST binding experiments of two wtPDZ biological replicates. 





4.2.1.1 Bladder tumor microenvironment analysis by xCell 
 Firstly, I compared the abundance of each cell type between P and NP BCa. 
Preliminary results of the xCell analysis showed only one significantly different (p < .01) 
cell type (Th1 cells) between NP and P BCa. Before the actual analysis I examined clinical 
information about the samples and I found out that the highest PFS in P group was 44 
months (average = 11 m, median = 6 m) and in NP group 75 months (average = 36 m, 
median = 35 m).  I performed the analysis with 12, 24 and 44 months PFS cutoff and found 
out that the number of significant results increased with higher PFS cutoff. I decided to 
use the highest cutoff (PFS > 44 months) for further analysis to reduce the noise from 
misclassified tumors to a minimum. Additionally, I excluded samples from patients treated 
with intravesical BCG vaccine and eventually performed xCell with 103 NP and 53 P 
NMIBC samples. 
 To test the difference in the cellular composition between NP and P I conducted a 
Welch Two Sample t-test. There was a significant difference (p < .01) in the amount of 
Th1 cells, erythrocytes, HSC,T cells, mesangial cells, CD4+ naive T-cells, Th2 cells, 
CLP and preadipocytes between NP and P BCa (Figure 22). There was no significant 
difference in the Microenvironment, Stroma and Immune score. 
 Since the presence of HSC in BCa is unlikely I decided to combine all stem cells 
and progenitor cells that are analyzed by xCell (HSC, CLP, CMP, GMP, MEP, MPP and 
MSC) as a marker for stemness in TME. I tested the difference in stemness marker 
between NP (sd = 0.092, mean = 0.066) and P (sd = 0.080, mean = 0.058) by Welch Two 
Sample t-test and the result was not significant (p = 0.146). 
 
 
Figure 22 | xCell result. Table of differently abundant (p < .05) cell types between NP and P BCa (on the 




4.2.1.2 Molecular classes and progression prediction from xCell data 
To predict BCa progression and identify a cell type within TME with the highest 
predictive value I used three supervised machine learning algorithms – RF, SVM and NN. 
I firstly ran only RF and then SVM and NN were added to compare the performance of 
different machine learning algorithms on the given dataset. Since patient age, tumor grade 
and stage are known to influence disease outcomes I included them into the prediction 
models but without considerable improvement of prediction accuracy (Figure 23). 
Prediction models that included information about tumor grade contained less samples 
(‘123 samples’ group) due to a different grading system between dataset 1 (2004 WHO) 
and dataset 2 (1974 WHO). I took only grade 1 and grade 3 samples from dataset 2 and 
denoted them as low grade and high grade respectively. Prediction performance of these 
Figure 23 | Random Forest results. A | Results of five prediction models with the best performance in 
each category. Left: Estimated model performance. Right: Model performance on the test set. B | Left: 
Variable importance of the best ‘Cells+age’ prediction model. Right: MDS plot of the best ‘Cells+Age’ 





three machine learning algorithms were almost identical. The best RF prediction model 
for “156 samples” group achieved prediction accuracy 0.80 (MCC = 0.533) on the test set 
(Figure 23.A). Cell types used in this model are shown in Figure 23.B. They are ordered 
in a decreasing order of prediction accuracy measured with Mean Decrease Accuracy 
(MDA). In addition to cell types, patient age was used in this prediction model and was 
ranked as the fifth most important variable for the progression prediction. The highest 
prediction accuracy for RF prediction model for “123 samples” group was 0.75 (MCC =  
0.438) (Figue 23.A).  
The best SVM prediction model for the “156 samples” group achieved prediction 
accuracy 0.73 (MCC = 0.400) on the test set and 0.79 (MCC = 0.508) for the “123 samples” 
group. (see results in Supplementary information) 
The best NN prediction model for the “156 samples” group predicted progression 
on the test set with 0.80 accuracy and 0.550 MCC, which was the best overall. For the 
“123 samples” group the prediction accuracy for the best model was 0.79 and MCC was 
0.519. (see results in Supplementary information) 
Then I exploited the cellular composition of TME for prediction of BCa molecular 
classes that were identified with 117-gene classifier (Figure 24.A). Even though the nature 
Figure 24 | Classes prediction with Random Forests.  A | RF results of two prediction models trained 
on data with 28 and 14 cell type variables. B | MDS plot of the ’28 cell types’ prediction model (class 1 – 
red, class 2 – blue, class 3 – green). C | Accuracy plot of prediction models (number of cell type variables 
used in model on x axis and prediction accuracy on y axis. D | Variable importance table showing the 
importance of each cell type for classes prediction. 
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of RF makes it robust against overfitting it should be taken into account that I did not split 
the dataset into validation- and test-set and thus the prediction results should be taken 
with a grain of salt. However, my main intention was to identify the cell types with the 
highest predictive value rather than predict the molecular classes (Figure 24). 
4.2.2 Identification of para-inflammation in BCa from RNA-Seq data 
 Here I calculated PI score on the basis of 
signature of 40 genes and compared its value 
between NP and P BCa.  
 To assess the difference in the PI score 
between NP and P BCa patients I conducted a 
Welch Two Sample t-test. There was a 
significant difference (p < .05) in the PI score (t = 
6.167, p = 1.163e-08) between NP (m = 1.061, 
sd = 0.166) and P BCa (m = 0.895, sd = 0.156) 
(Figure 25). 
 
4.2.3 FOXO focused expression analysis 
The purpose of this analysis was to determine whether there was a difference 
between FOXO expression in normal bladder tissue and bladder cancer, NMIBC and 
MIBC, and NP and P BCa. 
4.2.3.1 Differential expression between NMIBC, MIBC and normal tissue 
 To assess the difference between cancerous and normal tissue I exploited the 
expression data from the Genotype-Tissue Expression (GTEx) project (GTEx Consortium, 
2013) (13 biological replicates) and defined significant results as a twofold expression 
level over/under the expression average. Expression level of FOXO3, FOXO4 and FOXO6 
in NMIBC was 3.10, 2.64 and 2.05 lower respectively and expression level of FOXO1, 
FOXO3 and FOXO4 in MIBC was 2.53, 2.78 and 2.89 lower respectively compared to 
normal bladder tissue. To compare FOXO expression levels between NMIBC and MIBC I 
conducted a Welch Two Sample t-test. There was a statistically significant (p < .05) 
difference in the expression level of FOXO1 (t=2.552, p=0.018) between NMIBC 
(m=5.700, sd=3.242) and MIBC (m=3.960, sd=3.199) (Figure 26). 
Figure 25 | Beanplot of Pi scores in NP 






In FOXO expression data in NMIBC many outliers can be observed (Figure 26). I 
explored the abnormal presence of high/low grade, high/low age and NP/P tumors in the 
outliers. I found a significantly abnormal ratio of high/low grade in the FOXO6 group (39 
high/6 low grade vs 190 high/320 low grade) and in the FOXO4 group (8 high/6 low grade 
vs 190 high/320 low grade). This finding prompted me to compare FOXO expression 
between high grade and low grade in NMIBC samples with a Welch Two sample t-test. 
Indeed, there was a statistically significant difference (p<.05) in all FOXO expression 
levels – table on the right 




4.4.3.2 Differential expression between NP and P 
 Before the test I log transformed FOXO6 expression data and removed one outlier 
from FOXO6 in the NP group. Then I tested the difference in FOXO expression level 
between NP (PFS > 44 m, no BCG treatment) and P (no BCG treatment) using a Welch 
Two Sample t-test. There was a significant difference (p < .05) in FOXO1 (t = 2.110, p = 
0.037) between NP (m = 5.736, sd = 2.913) and P (m = 4.678, sd = 2.990) and in FOXO6 
(t = -4.019 , p = 1.166e-04) between NP (m = -2.461, sd = 1.573) and P (m = -1.310 , sd 
= 1.753) (Figure 27).  
Figure 26 | FOXO expression level in NMIBC and MIBC. Beanplot (on the left) of FOXO expression 
level in NMIBC (green) and MIBC (red), and boxplot (on the right) of FOXO expression level in NMIBC 




4.4.4 Pathway analysis 
 Here, I performed an unbiased GSEA to investigate the cellular processes that 
differ between NP and P BCa. I was mainly interested in the analysis of metabolic 
pathways and in the relationship between FOXO expression levels and these pathways. 
This whole genome enrichment analysis showed enriched pathways involved in protein 
translation within NP group and in DNA replication, mitosis and cell cycle within P group. 
Nonetheless no metabolic pathway was shown to be enriched in NP or P BCa (Figure 28). 
 
Figure 27 | FOXO expression level in NP and P. Beanplot of log transformed FOXO expression levels 
in NP (green) and P (red) BCa 
Figure 28 | Visualization of enriched pathways in NP (red) and P (blue) BCa. 
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4.4.5 Relationships between FOXO expression, TME and PI score in non-
progressive and progressive BCa  
Here I analyzed the relationship between FOXO expression levels, cellular 
compositions of TME and PI scores. To assess these correlations, I used the simplest 
approach – a Spearman’s correlation test. I am aware of the naivety of this approach of 
assessing a correlation between one gene (FOXO) and cell type or PI score that are 
defined by multiple gene signatures and I did not expect high correlation coefficients.  
Indeed, I did not find any statistically significant correlation (p < .01 and visual 
inspection) between FOXO expression and cell types in TME. Then I assessed the 
correlation between FOXO expression levels and PI scores. FOXO3 was statistically 
significantly positively correlated (rho = 0.225, p = 4.8 e-03) with PI score in NP+P dataset, 
but there was no statistically significant correlation in NP or P group only. Next, I explored 
the correlation between PI scores and cell types that differ between NP and P. In NP+P 
Th1 cell type was statistically significantly negatively correlated with PI score (rho = - 
0.213, p = 7.5 e-03).  
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5   Discussion  
In the first experimental part of my thesis, using MST binding assays I proved that 
the PDZ domain structure is suitable for rational design. During the binding experiment, I 
detected a fluorescence signal from the non-tagged FOXO4-DBD protein. Firstly, on the 
basis of spectrofluorimetry results I thought that I accidentally contaminated the FOXO4 
sample with PDZ-EGFP fusion protein. Nevertheless, after purification of the FOXO 
sample by IEC I still detected the fluorescence. I observed the highest fluorescence in the 
first eluted fraction from IEC column which gradually decreased with increasing ion 
concentration independently on protein concentration. I hypothesized that the 
fluorescence could be caused by the PDZ-EGFP protein bound to FOXO4. But then, this 
complex would be removed by SEC and additionally would be detected by SDS-PAGE 
and/or MALDI-TOF analysis. Since I identified degradation products of FOXO4 which 
have a slightly different net surface charge it could explain why I detected the highest 
fluorescence in the first eluted fraction from IEC. I hypothesize that the fluorescence is the 
intrinsic property of some degradation product of FOXO4. However, taken together, the 
source of fluorescence remains elusive. 
Rational design is one approach of generating high-affinity binding proteins for a 
given target. Key interface residues and consequently beneficial mutations are identified 
on the basis of structural and/or functional knowledge of protein molecules. The 
advantage of this computational method is the reduction of an extremely large number of 
protein sequences to a few which can be experimentally tested. The major limitation of 
rational design is its relatively low prediction accuracy of the mutations’ effect on protein 
function, which is caused by complex relationships between the amino acid sequence and 
protein secondary structure. In my thesis, I verified the bioinformatic prediction of PDZ 
binding to FOXO4-DBD domain and the choice of mutant variants. However, I showed 
that the estimated binding affinities are very low (in the range from 100 µM to 10 mM). 
Affinity of FOXO4-DBD to dsDNA is 188 ± 10 nM (Boura et al., 2007), therefore, to be able 
to efficiently inhibit this binding we have to increase the affinity of our PDZ domain at least 
a thousand times. 
An alternative way of engineering binding proteins is a combinatorial technique 
which mimics affinity maturation of antibodies (also known as in vitro directed evolution). 
In this method random mutations are introduced into DNA sequences and the proteins 
with favorable mutations are selected by display technologies, such as bacterial display 
(Löfblom, 2011). This process can be repeated until the protein with the required function 
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(e.g. high binding affinity for a given target) is selected. Both rational design and 
combinatorial approaches have their pros and cons, therefore, the best strategy for 
developing high-affinity binding proteins is to combine these two approaches in order to 
leverage their advantages (i.e. semi-rational approach). For example, Karanicolas et al. 
(2011) used the computational method to design a novel binding interface between two 
non-interacting proteins. Their best PPI design possessed a Kd of ~130 nM, which was 
then increased by directed evolution using yeast surface display to a Kd of ~180 pM. 
There are two possible future ways how to increase the PDZ domain binding affinity 
to FOXO4-DBD. One way is to analyze the PDZ/FOXO4 binding interface by two 
complementary experimental methods HDX-MS and NMR. Experimentally obtained data 
would then be used for the improvement of the prediction algorithm and new predicted 
mutant variants would be experimentally verified. The other way is to include a 
combinatorial protein engineering and then analyze the binding interface of high affinity 
variants to improve the algorithm for in silico PPI prediction based on experimentally 
obtained data. Given the evidence in literature, I think the latter approach is better and 
therefore I will perform it as a follow-up experiment. 
In the second bioinformatic part of my thesis, I described the differences in TME, 
PI score and FOXO genes expression levels in NMIBC (diagnosed as the first tumor) that 
are associated with later disease progression to MIBC. Then I explored the relationship 
between FOXO expression, TME and PI score based on bulk tumor RNA-Seq expression 
data.  
Altogether I collected 510 NMIBC RNA-Seq samples from which ~11 % (57) were 
samples from progressive tumors (T2+ progression). This corresponds to the expected 5-
year progression rate of 10-15 % (Knowles and Hurst, 2015). The limitation of this study 
is that not all patients were followed for the period of five years (Hedegaard et al., 2016). 
The analysis of TME between 453 NP and 57 P BCa showed only one significantly 
different cell type (Th1 cell). The average PFS rate within these 453 NP samples was 36 
months (median = 35 m, max = 75 months). I analyzed the differences in TME between P 
samples and NP samples with different PFS cutoffs (12, 24 and 44 months). I found that 
the number of significantly different cell types increased with higher PFS cutoff. Thus, in 
further analysis I used non-progressive samples with PFS > 44 months to reduce the noise 
from misclassified tumors to a minimum. This bias towards patients with high PFS within 
non-progressive group is another limitation of this study. Additionally, I excluded samples 
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from patients treated with intravesical BCG vaccine, because not all patients suitable for 
BCG treatment received it and therefore it could influence the outcomes for these patients.  
The most significantly different cell types between NP (PFS > 44 months) and P in 
TME characterized in this thesis were Th1 cells, erythrocytes and T cells. Their negative 
prognostic value in BCa was identified by t-test and validated with a Random Forest. In 
addition, HSC appeared to significantly differ between NP and P in TME. The presence of 
HSC in bladder cancer has not been described in literature and is unlikely. I rather suggest 
the use of all stem cells and progenitor cells that are analyzed by xCell as a marker for 
stemness in the TME and I found that the difference in this marker between NP and P 
BCa was not significant.  
Another cell type with a negative prognostic value were erythrocytes. Their 
elevated level could be explained by increased levels of angiogenesis which is one of the 
hallmarks of cancer (Hanahan and Weinberg, 2011) or by increased tumor blood vessel 
leakiness. Nevertheless, their higher leakiness would lead to higher infiltration of TME with 
immune cells, but xCell analysis did not show the difference in the abundance of tumor 
infiltrating leukocytes (defined as Immune score in xCell) between NP and P BCa. This 
suggests that in this case the higher level of erythrocytes in P BCa is caused by increased 
angiogenesis forming a denser tumor vasculature. 
Previous studies have suggested that both Th1 and Th2 cell types mediate 
antitumor immunity, although it was shown that Th2 antitumor immunity is less potent and 
may be context dependent. The IL-4 cytokine secreted by Th2 cells probably exerts 
antitumor effects via enhanced infiltration of innate cells, including eosinophils (reviewed 
in (Kim and Cantor, 2014)). Indeed, I observed higher levels of eosinophils in NP 
compared to P but with a less-stringent p-value cutoff (p<0.05). Their natural low 
abundance makes it difficult to detect them with xCell method which led to many zero 
values. These constant zero values could be the reason why Random Forest algorithm 
did not select them as important cells for the prediction model. To my knowledge, there is 
no article describing pro-tumorigenic effect of Th1 cells which I found to be more abundant 
in P compare to NP BCa in this thesis. Interestingly, antitumor cells (CD8 cells and 
macrophages) that are regulated by Th1 cells did not differ in TME between NP and P 
BCa. I suggest that in this context the Th1/Th2 ratio is a more important factor for BCa 
progression than just Th1 or Th2 cell abundance alone. Recent findings described the 
effect of CD4+ T cells on vessel normalization (Tian et al., 2017). This implies that the 
ratio of Th1/Th2 could also play important role in angiogenesis. 
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For a long time, T cells were recognized as cells with anti-tumor properties. 
Additionally, the authors of CIBERSORT have showed that T cells were the best positive 
predictive parameters across different cancer types, BCa included (Gentles et al., 2015). 
But several recent studies indicate pro-tumorigenic effect of T cells by various 
mechanism, for example by IL-17 production which promotes tumor angiogenesis (Wakita 
et al., 2010). In this thesis, I described their negative prognostic value in BCa using xCell 
analysis. 
I was able to construct the NN prediction model for NMIBC progression with an 80 
% prediction accuracy using the information about patient age and cellular composition of 
TME from xCell analysis. The EORTC (European Organization for Research and 
Treatment of Cancer) risk tables (Sylvester et al., 2006) and the CUETO (Spanish 
Urological Club for Oncological Treatment) scoring model (Fernandez-Gomez et al., 2009) 
are the best-established prediction tools for prediction of NMIBC recurrence and 
progression. The EORTC risk table is based on tumor stage and grade, number of tumors, 
tumor size, concomitant CIS, and history of prior disease recurrence. Its prediction 
accuracy of 1-year and 5-year PFS was 74 % and 75 % respectively (validated both 
internally and externally). The CUETO scoring model is based on age, gender, prior 
recurrence status, number of tumors, tumor stage, tumor grade, and the presence of 
concomitant CIS. Its prediction accuracy of 1-year and 5-year PFS was 69 % and 70 % 
respectively (validated both internally and externally) (Kluth et al., 2015). I think that my 
prediction model would not outperform the EORTC risk tables or the CUETO in the clinic. 
Nevertheless, results presented in my thesis add further evidence to the importance of 
TME in BCa progression and to the fact that microenvironment signatures can be exploit 
by prognostic and prediction tools in BCa management. In my opinion, to be able to stratify 
patient treatment and their monitoring accurately, a combination of multiple markers and 
even inclusion of those that are not yet known to influence BCa progression will have to 
be applied. For example, the unpublished data (Bao et al., 2016) from the laboratory of 
Jeremy Burton (London, Canada) imply the importance of the bladder microbiome in BCa 
recurrence.  
In addition, I showed that the cellular composition of TME could predict molecular 
classes of BCa with an 85 % prediction accuracy. Recently, Becht et al. (2016a) 
demonstrated that microenvironment signatures correlate with molecular subtypes of 
colorectal cancer. They analyzed the TME by Microenvironment Cell Populations-counter 
computational algorithm, which is able to infer the absolute abundance of eight immune 
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(CD3+ T cells, CD8+ T cells, cytotoxic lymphocytes, NK cells, B lymphocytes, cells 
originating from monocytes, myeloid dendritic cells, neutrophils) and two stromal cell types 
(endothelial cells, fibroblasts) from transcriptomic data (Becht et al., 2016b). 
Subsequently, they validated their results using immunohistochemistry (Becht et al., 
2016a). The validation and description of which cell types are typical for certain BCa 
molecular classes was beyond the scope of my project but it will be later followed in future 
studies in my home laboratory. 
 While xCell outperforms other methods for in silico analysis of TME, its 
correlations are still far from perfect with direct measurements (Aran et al., 2017) and this 
could be the cause of the relatively high error rates of my prediction models. But on the 
other hand, it might also cause false positive results and thus findings presented in this 
thesis must be experimentally validated using single cell sequencing and/or single cell 
proteomic analysis. 
The higher PI score observed in NP BCa in comparison to P BCa is in concert with 
the results of the paper defining PI score (Aran et al., 2016).  The authors linked elevated 
levels of PI score to increased mortality in most cancers with the exception of 
chromophobe renal cell carcinoma, prostate cancer and bladder cancer. Interestingly, 
these are the tumors of urinary tract, which indicates that this environment may play the 
important role in PI. Even though it was previously shown that nonsteroidal anti-
inflammatory drugs could prevent BCa (Daugherty et al., 2011) and reduce the risk of BCa 
recurrence (Gee et al., 2009), results presented in this thesis and in (Aran et al., 2016) 
suggest that low-grade inflammation, coined as para-inflammation, might be a positive 
prognostic marker in BCa. 
Cheah et al. (2015) showed that bladder tumors bearing CD14-high cancer cells 
are bigger and form a denser tumor vasculature with higher myeloid cell infiltration. In my 
thesis, I showed a higher abundance of erythrocytes in P BCa compared to NP BCa, which 
corresponds to this finding. These CD14-high cancer cells express a high level of 
numerous inflammatory mediators and therefore might play a key role in tumor-promoting 
inflammation. However, CD14 is also a part of PI gene signature. In addition, the 
expression level of CD14 did not significantly differ between NP and P BCa in my dataset.  
The expression levels of FOXO transcription factors were lower in BCa compared 
to normal bladder tissue expression levels from GTEx. This was expected since in most 
cases they are considered to function as tumor suppressors (Brachène and Demoulin, 
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2016). FOXO4, which was chosen as the target for inhibition described in this thesis, was 
found to have lower expression levels in low grade BCa but differences in its expression 
were not associated with BCa progression. Recently FOXO1 down-regulation was 
associated with worse outcome in BCa (Lloreta et al., 2017). Indeed, I found lower 
expression levels of FOXO1 to be associated with high tumor grade and progression. In 
addition, FOXO1 was shown to suppress gastric cancer growth via inhibition of 
angiogenesis (Kim et al., 2016). This corresponds to findings presented in this thesis and 
could possibly explain the positive prognostic effect of FOXO1 in BCa. Also, FOXO6 
overexpression was recently linked to progression and prognosis in gastric cancer (Wang 
et al., 2017). Here I showed its higher levels to be associated with P BCa.  
In this thesis, I described the prognostic value of the cellular composition of TME 
in BCa. Based on my results and on given literature evidence I assume that angiogenesis 
(influenced by Th1/Th2 ratio, T cells and FOXO1 expression levels) has an important 
role in later NMIBC progression to MIBC. I hypothesize that Th1/Th2 ratio also affects PI. 
This is supported by my finding of a weak negative correlation between Th1 and PI. In 
context of BCa PI has a positive prognostic value. I think that the environment of the 




6 Supplementary information 
6.1 Primer sequences for mutagenesis 
 
P_V20Q/1 
CGT CGT GTG GAT GAG CCG GGT GTG  Tm = 64 C 
V20Q/2 
TTG CAG TTT GAT ACC CAG TTG CTC C Tm = 64 C 
P_R22D/1 
GTG GAT GAG CCG GGT G   Tm = 64 C 
R22D/2 
ATC ACG CAC CAG TTT GAT ACC C  Tm = 63 C 
P_V23T/1 
GAT GAG CCG GGT GTG TTC   Tm = 64 C 
V23T/2 
AGT ACG ACG CAC CAG TTT GAT AC  Tm = 63 C 
P_F31Y/1 
AAC GTG CTG AAC GGT GG   Tm = 64 C 
F31Y/2 
ATA GAT GAA CAC ACC CGG CTC  Tm = 64 C 
P_N32E/1  
GTG CTG AAC GGT GGC    Tm = 62 C 
N32E/2 
TTC GAA GAT GAA CAC ACC CGG C  Tm = 64 C 
P_L34F/1 
AAC GGT GGC GTT GCG    Tm = 65 C 
L34F/2 
AAA CAC GTT GAA GAT GAA CAC ACC C Tm = 64 C 
P_N35E/1 
GGT GGC GTT GCG GAC    Tm = 65 C 
N35E/2 
TTC CAG CAC GTT GAA GAT GAA CAC A Tm = 64 C 
P_E46K/1 
GAA AAC GAT CGT GTG CTG GC   Tm = 65 C 
E46K/2 
TTT CAG CTG ACC GTG ACG G   Tm = 64 C 
P_E47I/1 




AAT CTC CAG CTG ACC GTG AC   Tm = 63 C 
P_N48F/1 
GAT CGT GTG CTG GCG ATT AA   Tm = 63 C 
N48F/2 
AAA TTC CTC CAG CTG ACC GT   Tm = 64 C 
 
6.2 wtPDZ-EGFP and FOXO4-DBD protein sequences 
wtPDZ 
  
        10         20         30         40         50         60  
MSYYHHHHHH DYDIPTTENL YFQGAMNVSK GEELFTGVVP ILVELDGDVN GHKFSVSGEG  
 
        70         80         90        100        110        120  
EGDATYGKLT LKFICTTGKL PVPWPTLVTT LTYGVQCFSR YPDHMKQHDF FKSAMPEGYV  
 
       130        140        150        160        170        180  
QERTIFFKDD GNYKTRAEVK FEGDTLVNRI ELKGIDFKED GNILGHKLEY NYNSHNVYIM  
 
       190        200        210        220        230        240  
ADKQKNGIKV NFKIRHNIED GSVQLADHYQ QNTPIGDGPV LLPDNHYLST QSALSKDPNE  
 
       250        260        270        280        290        300  
KRDHMVLLEF VTAAGITLGM DELYKAMGSF HVILNKSSPE EQLGIKLVRR VDEPGVFIFN  
 
       310        320        330        340        350  
VLNGGVADRH GQLEENDRVL AINGHDLRFG SPESAAHLIQ ASERRVHLVV SRQ  
Yellow – wtPDZ 
Green – EGFP 
Cyan – His-tag 
Gray – TEV-site 
 
 
Number of amino acids: 353 
 
Molecular weight: 39869.8 
 






        10         20         30         40         50         60  
GSSHHHHHHS SGLVPRGSHM LEDPGAVTGP RKGGSRRNAW GNQSYAELIS QAIESAPEKR  
 
        70         80         90        100        110        120  
LTLAQIYEWM VRTVPYFKDK GDSNSSAGWK NSIRHNLSLH SKFIKVHNEA TGKSSWWMLN  
 
       130        140        150  
PEGGKSGKAP RRRAASMDSS SKLLRGRSKA  
 
Yellow – 82G – FOXO4 – 207A 
Cyan – His-tag 
 
 
Number of amino acids: 150 
 
Molecular weight: 16577.58 
 
Theoretical pI: 10.53 
 
6.3 Para-inflammation gene signature 














Figure: Support Vector Machine and Neural Network results A. Results of five SVM prediction models. Left: 
Estimated model performance. Right: Model performance on the test set. B. Results of five NN prediction models Left: 
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